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BIG DATA ANALYTICS
Units I, II & III

Comprehensive Textbook Notes

Clear concepts • Detailed explanations • Real-time applications • Architecture flows •

Practical design discussion

Key idea: This book is organized as detailed teaching material. Every syllabus topic is explained from basic meaning
to practical system behavior, with real-world scenarios and architecture-oriented examples.
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Unit Major Topics

Unit I Analytics; Big Data; 5 Vs; Domain Examples; Analytics Flow; Data Collection; Data Preparation; Analysis
Types; Analysis Modes; Visualizations; Big Data Stack

Unit II Analytics Architecture; Design Styles; Load Leveling; Multiple Consumers; Leader Election; Sharding; CAP;
Lambda Architecture; Scheduler–Agent–Supervisor; Pipes & Filters; MapReduce

Unit III Data Acquisition; Acquisition Considerations; Publish–Subscribe Messaging Frameworks; Big Data
Collection Systems

How to use these notes
Read the definition first, then follow the system explanation and real-time scenario. For architecture topics, pay special
attention to the flow diagrams and the reasons each component exists. The examples are based on familiar systems
such as e-commerce, banking, transportation, healthcare, manufacturing, streaming media, IoT, and education.
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UNIT I — INTRODUCTION TO BIG DATA

What is Analytics?

1. Concept and foundation

Analytics is the disciplined process of examining data to discover meaningful patterns, relationships, trends,
exceptions, and evidence that can support decisions. A useful way to think about analytics is as a bridge between raw
observations and action. Raw data may say that thousands of customers clicked products today. Analytics asks what
those clicks mean, how today's behavior differs from yesterday, whether the change is important, and what the
organization should do next. Analytics normally involves several connected activities. First, a question or business
problem is defined. Next, relevant data is identified and collected. The data is prepared because raw records often
contain missing values, duplicates, inconsistent formats, or noise. The prepared data is then explored and analyzed
using statistics, queries, machine-learning methods, or domain-specific techniques. Finally, results are communicated
through reports, dashboards, visualizations, alerts, or automated decisions. The important point is that analytics is not
synonymous with artificial intelligence. A simple SQL query that finds monthly sales is analytics. A statistical test that
compares two groups is analytics. A machine-learning model that predicts demand is analytics. The sophistication of
the method depends on the question and data, not on the word “analytics.”

Concept → Architecture need → Processing behavior → Analytical/business outcome

A practical analytics workflow begins with a question. Suppose an online retailer notices that customers are
abandoning carts. The team should not immediately build a complex model. It can first describe the problem: How
many carts are abandoned? At what stage? On which devices? In which locations? Diagnostic analysis may then
compare checkout failures, delivery charges, payment failures, page speed, and product categories. Predictive
analytics can estimate which sessions are likely to abandon. Prescriptive logic can test possible actions such as
simplifying checkout or offering a clearer delivery estimate. Analytics therefore creates a progression from observation
to explanation to prediction and action. The same progression appears in banking, healthcare, education,
manufacturing, transportation, and government systems. Real-time data makes the workflow more challenging
because the system may need to analyze information while it is arriving. A fraud-monitoring application cannot always
wait for a nightly report. It may need to evaluate a transaction within seconds. In contrast, a quarterly business report
can use batch data and tolerate a much longer delay.

Real-time scenario
Example: Consider a food-delivery service. Data can include restaurant menus, order times, preparation durations,
driver locations, traffic conditions, cancellations, customer ratings, and delivery outcomes. Descriptive analytics can
summarize delivery times. Diagnostic analytics can investigate why delays increased. Predictive analytics can
estimate the expected delivery time for a new order. Prescriptive analytics can recommend an assignment or route.
The system becomes valuable when these results are connected to operational action.

Key idea: Understanding What is Analytics? requires connecting the definition to the problem it solves. In Big Data,
the architectural choice should always be justified by workload, scale, latency, reliability, and business purpose.
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What is Analytics? — Detailed Working

2. How the idea works in a real system

A strong analytics project separates the question, data, method, and decision. If the question is poorly defined, even
excellent technical work can produce an irrelevant result. If the data is biased or incomplete, the analysis may be
misleading. If the analysis is correct but poorly communicated, decision-makers may misunderstand it. For Big Data,
analytics also has engineering requirements. Data may be distributed across machines, arrive at different speeds, and
have different structures. Analysts and engineers therefore need systems that can ingest, store, process, and query
large datasets efficiently. A useful classroom model is: Business question → Data sources → Collection →
Preparation → Analysis → Interpretation → Visualization → Action → Feedback. The feedback step matters because
actions change the system. A recommendation changes what customers see; a pricing decision changes customer
behavior; a maintenance action changes machine readings. Analytics is therefore part of a continuous learning cycle
rather than a one-time calculation.

A useful way to analyze the topic is to identify the input, transformation or coordination step, output, and failure
conditions. This turns a definition into an operational model.

1 Identify the source of data or work.

2 Identify the component responsible for receiving or transforming it.

3 Determine where data is stored or buffered when necessary.

4 Identify how the system scales when workload increases.

5 Identify what happens when a component fails.

6 Identify how the result is consumed by analytics, users, or downstream applications.

Heavy-data scenario
Example: Consider a food-delivery service. Data can include restaurant menus, order times, preparation durations,
driver locations, traffic conditions, cancellations, customer ratings, and delivery outcomes. Descriptive analytics can
summarize delivery times. Diagnostic analytics can investigate why delays increased. Predictive analytics can
estimate the expected delivery time for a new order. Prescriptive analytics can recommend an assignment or route.
The system becomes valuable when these results are connected to operational action. At larger scale, the same
activity can involve many producers, partitions, workers, storage nodes, and downstream consumers. The design
must prevent a single component from becoming a permanent bottleneck.

Key idea: The most important design question is not “Which tool is used?” but “What responsibility does this
component perform, and why is that responsibility needed at this scale?”
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What is Analytics? — Design, Benefits and Limitations

3. Practical design discussion

When a Big Data system is designed, technical correctness is only one requirement. The architecture should also be
operationally manageable. Teams need to understand capacity, latency, failure recovery, data quality, security, cost,
and monitoring.

Design aspect Questions to ask

Scale How much data or work arrives? What is the peak rate?

Latency How quickly must the result be available?

Reliability What happens if a node, network link, or consumer fails?

Data quality How are duplicates, missing values, invalid records, and schema changes handled?

Scalability Can capacity increase by adding resources?

Security Who may produce, read, change, or delete the data?

Cost What storage, compute, network, and operational resources are required?

Advantages
• Supports systematic handling of large and continuously changing workloads.

• Makes complex data-processing responsibilities easier to divide and manage.

• Allows systems to scale when the workload grows.

• Can improve reliability when buffering, replication, retry, or recovery mechanisms are designed correctly.

Limitations and common mistakes
• Adding distributed components can increase operational complexity.

• Poor partitioning or uneven workloads can create bottlenecks.

• More data does not automatically mean more useful information.

• Real-time processing may be unnecessary when batch processing is sufficient.

• A technically correct architecture can still fail if data quality and governance are ignored.

Classroom-to-industry connection
Example: Consider a food-delivery service. Data can include restaurant menus, order times, preparation durations,
driver locations, traffic conditions, cancellations, customer ratings, and delivery outcomes. Descriptive analytics can
summarize delivery times. Diagnostic analytics can investigate why delays increased. Predictive analytics can
estimate the expected delivery time for a new order. Prescriptive analytics can recommend an assignment or route.
The system becomes valuable when these results are connected to operational action. In a production environment,
engineers would also monitor throughput, latency, error rates, resource utilization, and data freshness. These
operational measures tell the team whether the design is actually working under real workload conditions.

Key idea: A strong Big Data solution balances performance with simplicity. The best design is usually the simplest
architecture that satisfies the required scale, freshness, reliability, and analytical goals.
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UNIT I — INTRODUCTION TO BIG DATA

What is Big Data?

1. Concept and foundation

Big Data refers to data environments in which the scale, speed, diversity, complexity, or quality of information creates
challenges that ordinary data-processing approaches cannot handle efficiently. The phrase is therefore about the
nature of the problem, not merely the number of gigabytes stored. A traditional database may be excellent for
structured business transactions. However, an organization may also receive website events, sensor streams,
images, videos, logs, text, location signals, and third-party feeds. These sources can produce information
continuously. A Big Data platform must decide how to acquire, store, process, query, secure, and govern this
information. The central architectural idea is distribution. Instead of expecting one computer to store and process
everything, large systems can divide data and computation across many machines. This enables parallel processing
and allows capacity to grow as the workload increases. Distributed systems also introduce new problems such as
network failures, coordination, partitioning, consistency, and monitoring.

Concept → Architecture need → Processing behavior → Analytical/business outcome

A useful example is a large online shopping platform. A single customer action may create several events: a search,
product view, click, cart update, payment attempt, order, delivery update, review, and support interaction. Across
millions of customers, these events become a continuous stream of data. The value is not simply in storing the events.
The organization may want to understand demand, detect unusual transactions, estimate delivery time, recommend
products, forecast inventory needs, and evaluate customer experience. Each use case can have different latency and
data requirements. Big Data systems often combine multiple technologies rather than using one universal database. A
platform may contain a message ingestion layer, distributed storage, batch-processing engines, stream-processing
components, analytical databases, machine-learning systems, and visualization tools. The exact technology choices
change over time, but the architectural responsibilities remain recognizable.

Real-time scenario
Real-time example: A smart-city system may collect traffic-signal events, road sensors, GPS positions, public
transport information, weather data, and camera-derived observations. The data arrives continuously and in different
forms. A distributed platform can ingest and process these streams to detect congestion, estimate travel times, and
support traffic-management decisions.

Key idea: Understanding What is Big Data? requires connecting the definition to the problem it solves. In Big Data,
the architectural choice should always be justified by workload, scale, latency, reliability, and business purpose.
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What is Big Data? — Detailed Working

2. How the idea works in a real system

Big Data should also be distinguished from “big files.” A single huge file can be difficult to process, but a dataset can
be Big Data because of its continuous arrival rate, many formats, or distributed nature even when the current stored
volume is not enormous. Another important point is that Big Data does not automatically produce better decisions.
More data can introduce more noise, duplicated observations, biased samples, privacy concerns, and management
complexity. A well-designed system must therefore consider data quality, governance, security, cost, and purpose. In
classroom terms, Big Data can be viewed as a combination of data scale + data speed + data diversity + data
complexity + the engineering required to extract value. This broader definition explains why Big Data is an
architectural and analytical discipline rather than simply a storage problem.

A useful way to analyze the topic is to identify the input, transformation or coordination step, output, and failure
conditions. This turns a definition into an operational model.

1 Identify the source of data or work.

2 Identify the component responsible for receiving or transforming it.

3 Determine where data is stored or buffered when necessary.

4 Identify how the system scales when workload increases.

5 Identify what happens when a component fails.

6 Identify how the result is consumed by analytics, users, or downstream applications.

Heavy-data scenario
Real-time example: A smart-city system may collect traffic-signal events, road sensors, GPS positions, public
transport information, weather data, and camera-derived observations. The data arrives continuously and in different
forms. A distributed platform can ingest and process these streams to detect congestion, estimate travel times, and
support traffic-management decisions. At larger scale, the same activity can involve many producers, partitions,
workers, storage nodes, and downstream consumers. The design must prevent a single component from becoming a
permanent bottleneck.

Key idea: The most important design question is not “Which tool is used?” but “What responsibility does this
component perform, and why is that responsibility needed at this scale?”
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What is Big Data? — Design, Benefits and Limitations

3. Practical design discussion

When a Big Data system is designed, technical correctness is only one requirement. The architecture should also be
operationally manageable. Teams need to understand capacity, latency, failure recovery, data quality, security, cost,
and monitoring.

Design aspect Questions to ask

Scale How much data or work arrives? What is the peak rate?

Latency How quickly must the result be available?

Reliability What happens if a node, network link, or consumer fails?

Data quality How are duplicates, missing values, invalid records, and schema changes handled?

Scalability Can capacity increase by adding resources?

Security Who may produce, read, change, or delete the data?

Cost What storage, compute, network, and operational resources are required?

Advantages
• Supports systematic handling of large and continuously changing workloads.

• Makes complex data-processing responsibilities easier to divide and manage.

• Allows systems to scale when the workload grows.

• Can improve reliability when buffering, replication, retry, or recovery mechanisms are designed correctly.

Limitations and common mistakes
• Adding distributed components can increase operational complexity.

• Poor partitioning or uneven workloads can create bottlenecks.

• More data does not automatically mean more useful information.

• Real-time processing may be unnecessary when batch processing is sufficient.

• A technically correct architecture can still fail if data quality and governance are ignored.

Classroom-to-industry connection
Real-time example: A smart-city system may collect traffic-signal events, road sensors, GPS positions, public
transport information, weather data, and camera-derived observations. The data arrives continuously and in different
forms. A distributed platform can ingest and process these streams to detect congestion, estimate travel times, and
support traffic-management decisions. In a production environment, engineers would also monitor throughput,
latency, error rates, resource utilization, and data freshness. These operational measures tell the team whether the
design is actually working under real workload conditions.

Key idea: A strong Big Data solution balances performance with simplicity. The best design is usually the simplest
architecture that satisfies the required scale, freshness, reliability, and analytical goals.
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UNIT I — INTRODUCTION TO BIG DATA

Characteristics of Big Data — 5 Vs

1. Concept and foundation

The 5 Vs provide a practical framework for describing Big Data: Volume, Velocity, Variety, Veracity, and Value. They
should not be treated as isolated definitions. In real systems they interact. A high-volume stream of low-quality data is
not automatically useful. A diverse dataset may be valuable but require difficult integration. High velocity can increase
infrastructure requirements and reduce the time available for quality checks. Volume means the quantity of data. Data
may come from millions of users, machines, transactions, or events. Volume affects storage capacity, backup
strategy, network traffic, query design, and processing architecture. Velocity describes how quickly information is
generated and how quickly it must be processed. A system receiving continuous sensor events has different
requirements from a system that imports a spreadsheet once a week. Variety refers to different data structures and
formats. Structured tables are only one part of modern data. Semi-structured events and unstructured text, images,
audio, and video may also need to be handled.

Concept → Architecture need → Processing behavior → Analytical/business outcome

Veracity addresses trustworthiness. Data can contain duplicate records, missing values, incorrect timestamps,
inconsistent units, malformed messages, faulty sensors, or human-entry mistakes. Veracity is especially important in
Big Data because a small error repeated millions of times can have a large effect. Value asks whether the data
produces a useful outcome. A company can store enormous datasets and still receive little benefit if it cannot connect
the information to a meaningful business, scientific, or operational question. The five characteristics can be
remembered with simple questions: • Volume — How much? • Velocity — How fast? • Variety — What forms? •
Veracity — Can we trust it? • Value — What benefit does it create? These questions are useful during system design
because they force the team to think beyond storage size.

Real-time scenario
Real-time example: In e-commerce, customer clicks can create very high-volume event streams. A sudden product
launch can increase velocity. Product descriptions, reviews, images, transactions, and click events create variety.
Duplicate or bot-generated events affect veracity. Recommendation quality, demand forecasting, fraud detection, and
customer experience represent value.

Key idea: Understanding Characteristics of Big Data — 5 Vs requires connecting the definition to the problem it
solves. In Big Data, the architectural choice should always be justified by workload, scale, latency, reliability, and
business purpose.
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Characteristics of Big Data — 5 Vs — Detailed Working

2. How the idea works in a real system

Consider an IoT manufacturing environment. Thousands of sensors may send readings every second. This creates
high volume and velocity. The data may contain numeric measurements, device status messages, maintenance text,
and machine identifiers, producing variety. A damaged sensor may generate incorrect readings, creating a veracity
problem. The ultimate value may come from predicting equipment failure early enough to avoid unplanned downtime.
The same 5 Vs can be applied to healthcare. Large patient populations create volume. Monitoring devices create
velocity. Medical records contain tables, reports, images, and free text, producing variety. Incorrect patient identifiers
or incomplete records affect veracity. The value may be better care, faster diagnosis, improved resource planning, or
research insight. The framework therefore helps students move from abstract definitions to architecture questions.

A useful way to analyze the topic is to identify the input, transformation or coordination step, output, and failure
conditions. This turns a definition into an operational model.

1 Identify the source of data or work.

2 Identify the component responsible for receiving or transforming it.

3 Determine where data is stored or buffered when necessary.

4 Identify how the system scales when workload increases.

5 Identify what happens when a component fails.

6 Identify how the result is consumed by analytics, users, or downstream applications.

Heavy-data scenario
Real-time example: In e-commerce, customer clicks can create very high-volume event streams. A sudden product
launch can increase velocity. Product descriptions, reviews, images, transactions, and click events create variety.
Duplicate or bot-generated events affect veracity. Recommendation quality, demand forecasting, fraud detection, and
customer experience represent value. At larger scale, the same activity can involve many producers, partitions,
workers, storage nodes, and downstream consumers. The design must prevent a single component from becoming a
permanent bottleneck.

Key idea: The most important design question is not “Which tool is used?” but “What responsibility does this
component perform, and why is that responsibility needed at this scale?”
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Characteristics of Big Data — 5 Vs — Design, Benefits and
Limitations

3. Practical design discussion

When a Big Data system is designed, technical correctness is only one requirement. The architecture should also be
operationally manageable. Teams need to understand capacity, latency, failure recovery, data quality, security, cost,
and monitoring.

Design aspect Questions to ask

Scale How much data or work arrives? What is the peak rate?

Latency How quickly must the result be available?

Reliability What happens if a node, network link, or consumer fails?

Data quality How are duplicates, missing values, invalid records, and schema changes handled?

Scalability Can capacity increase by adding resources?

Security Who may produce, read, change, or delete the data?

Cost What storage, compute, network, and operational resources are required?

Advantages
• Supports systematic handling of large and continuously changing workloads.

• Makes complex data-processing responsibilities easier to divide and manage.

• Allows systems to scale when the workload grows.

• Can improve reliability when buffering, replication, retry, or recovery mechanisms are designed correctly.

Limitations and common mistakes
• Adding distributed components can increase operational complexity.

• Poor partitioning or uneven workloads can create bottlenecks.

• More data does not automatically mean more useful information.

• Real-time processing may be unnecessary when batch processing is sufficient.

• A technically correct architecture can still fail if data quality and governance are ignored.

Classroom-to-industry connection
Real-time example: In e-commerce, customer clicks can create very high-volume event streams. A sudden product
launch can increase velocity. Product descriptions, reviews, images, transactions, and click events create variety.
Duplicate or bot-generated events affect veracity. Recommendation quality, demand forecasting, fraud detection, and
customer experience represent value. In a production environment, engineers would also monitor throughput, latency,
error rates, resource utilization, and data freshness. These operational measures tell the team whether the design is
actually working under real workload conditions.

Key idea: A strong Big Data solution balances performance with simplicity. The best design is usually the simplest
architecture that satisfies the required scale, freshness, reliability, and analytical goals.
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UNIT I — INTRODUCTION TO BIG DATA

Domain-Specific Examples of Big Data

1. Concept and foundation

Big Data appears in almost every domain because modern digital systems continuously produce records. The
important learning point is not memorizing company names; it is recognizing the relationship between domain → data
sources → analytical question → processing requirement → value. In healthcare, data may include electronic
health records, laboratory results, medical images, prescriptions, wearable-device readings, and clinical notes. A
hospital can analyze historical admissions to plan resources, while streaming patient-monitoring data may require
rapid alerts. In banking and finance, transaction systems generate records containing account identifiers, amounts,
timestamps, merchants, locations, and channels. Analytics can support fraud detection, risk analysis, customer
segmentation, and compliance monitoring. The challenge is that financial data is sensitive and must be protected. In
retail and e-commerce, customer interactions generate search events, product views, cart changes, orders, reviews,
returns, and support contacts. Analytics can support recommendations, inventory planning, pricing analysis, and
customer experience measurement.

Concept → Architecture need → Processing behavior → Analytical/business outcome

Transportation produces data from GPS devices, vehicle sensors, ticketing systems, traffic infrastructure, fleet
management tools, and mobile applications. A transport operator may analyze historical travel patterns for planning
and use live location streams for operational decisions. Manufacturing generates data from programmable machines,
sensors, production systems, quality inspections, maintenance records, and supply-chain systems. Analytics can
detect quality problems and estimate the probability of equipment failure. Telecommunications produces network
events, usage records, device information, and service-quality measurements. Operators can use analytics to detect
network problems, understand demand, and plan capacity. Education systems produce attendance records,
assessment results, assignment submissions, learning-platform events, and feedback. Analytics can help instructors
understand engagement and identify patterns that require attention.

Real-time scenario
Real-time scenario: A hospital may combine patient-monitoring events, laboratory results, medication records, and
bed availability. A stream component can monitor recent vital signs, while historical analytics can identify longer-term
patterns. A dashboard can show clinicians the current state while planners use aggregated historical information for
resource decisions.

Key idea: Understanding Domain-Specific Examples of Big Data requires connecting the definition to the problem it
solves. In Big Data, the architectural choice should always be justified by workload, scale, latency, reliability, and
business purpose.
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Domain-Specific Examples of Big Data — Detailed Working

2. How the idea works in a real system

Social and digital-media platforms produce posts, comments, reactions, shares, images, videos, and interaction
graphs. The data is highly varied and can arrive continuously. Analysis can be used to understand engagement,
identify trends, and evaluate content performance. Energy systems produce meter readings, generation
measurements, equipment telemetry, and weather-related information. Analytics can support demand forecasting and
equipment monitoring. Government and public services can combine administrative records, geographic data, sensor
information, and service requests. The goal may be better resource allocation, infrastructure planning, or service
delivery. Across all domains, the same architecture questions return: How is data acquired? How is it stored? How
quickly must it be processed? What quality checks are needed? Who can access it? What decision will the result
support?

A useful way to analyze the topic is to identify the input, transformation or coordination step, output, and failure
conditions. This turns a definition into an operational model.

1 Identify the source of data or work.

2 Identify the component responsible for receiving or transforming it.

3 Determine where data is stored or buffered when necessary.

4 Identify how the system scales when workload increases.

5 Identify what happens when a component fails.

6 Identify how the result is consumed by analytics, users, or downstream applications.

Heavy-data scenario
Real-time scenario: A hospital may combine patient-monitoring events, laboratory results, medication records, and
bed availability. A stream component can monitor recent vital signs, while historical analytics can identify longer-term
patterns. A dashboard can show clinicians the current state while planners use aggregated historical information for
resource decisions. At larger scale, the same activity can involve many producers, partitions, workers, storage nodes,
and downstream consumers. The design must prevent a single component from becoming a permanent bottleneck.

Key idea: The most important design question is not “Which tool is used?” but “What responsibility does this
component perform, and why is that responsibility needed at this scale?”
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Domain-Specific Examples of Big Data — Design, Benefits and
Limitations

3. Practical design discussion

When a Big Data system is designed, technical correctness is only one requirement. The architecture should also be
operationally manageable. Teams need to understand capacity, latency, failure recovery, data quality, security, cost,
and monitoring.

Design aspect Questions to ask

Scale How much data or work arrives? What is the peak rate?

Latency How quickly must the result be available?

Reliability What happens if a node, network link, or consumer fails?

Data quality How are duplicates, missing values, invalid records, and schema changes handled?

Scalability Can capacity increase by adding resources?

Security Who may produce, read, change, or delete the data?

Cost What storage, compute, network, and operational resources are required?

Advantages
• Supports systematic handling of large and continuously changing workloads.

• Makes complex data-processing responsibilities easier to divide and manage.

• Allows systems to scale when the workload grows.

• Can improve reliability when buffering, replication, retry, or recovery mechanisms are designed correctly.

Limitations and common mistakes
• Adding distributed components can increase operational complexity.

• Poor partitioning or uneven workloads can create bottlenecks.

• More data does not automatically mean more useful information.

• Real-time processing may be unnecessary when batch processing is sufficient.

• A technically correct architecture can still fail if data quality and governance are ignored.

Classroom-to-industry connection
Real-time scenario: A hospital may combine patient-monitoring events, laboratory results, medication records, and
bed availability. A stream component can monitor recent vital signs, while historical analytics can identify longer-term
patterns. A dashboard can show clinicians the current state while planners use aggregated historical information for
resource decisions. In a production environment, engineers would also monitor throughput, latency, error rates,
resource utilization, and data freshness. These operational measures tell the team whether the design is actually
working under real workload conditions.

Key idea: A strong Big Data solution balances performance with simplicity. The best design is usually the simplest
architecture that satisfies the required scale, freshness, reliability, and analytical goals.
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UNIT I — INTRODUCTION TO BIG DATA

Analytics Flow for Big Data

1. Concept and foundation

The analytics flow describes how raw data becomes useful information. A practical flow is Data Collection → Data
Preparation → Analysis → Visualization → Decision/Action. In a real Big Data platform, storage and processing
occur throughout this flow, and the process may repeat. The first step is defining the problem. A technical team should
know what it is trying to understand or improve. For example, “sales are low” is broad. A more useful question might
be “Which product categories experienced an unusual decline this month, and what factors are associated with the
change?” The next step is data collection. Relevant sources may include transactions, customer events, inventory
records, marketing data, external signals, and operational logs. The collection architecture must match the required
volume and velocity.

Concept → Architecture need → Processing behavior → Analytical/business outcome

Data preparation converts raw information into analysis-ready data. This may involve removing duplicates, handling
missing values, standardizing units, correcting formats, joining datasets, filtering irrelevant events, and creating useful
derived fields. Analysis can then be performed using descriptive statistics, queries, data mining, machine learning, or
domain-specific methods. The method should be selected based on the question. A simple comparison may not
require a machine-learning model. Visualization communicates the result. A line chart can show a trend, a bar chart
can compare categories, a map can show geographic patterns, and a dashboard can combine multiple measures.
Visualization is a communication layer, not a substitute for analysis.

Real-time scenario
Real-time example: A delivery platform can collect orders and driver locations, prepare and join those events, analyze
travel times, visualize regional delays, and take action by changing assignment or routing logic. The result is not one
report; it is a continuous data-to-action loop.

Key idea: Understanding Analytics Flow for Big Data requires connecting the definition to the problem it solves. In Big
Data, the architectural choice should always be justified by workload, scale, latency, reliability, and business purpose.
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Analytics Flow for Big Data — Detailed Working

2. How the idea works in a real system

The final stage is decision or action. An insight becomes valuable when it affects a process, decision, alert,
recommendation, or understanding. In automated systems, the result may be sent directly to another service. In
human-centered systems, the result may appear in a dashboard or report. The flow is iterative. Suppose a model
performs poorly. The team may discover that an important source is missing or that timestamps do not align. The
project then returns to collection or preparation. For Big Data, this iteration occurs at scale. Engineers must also
monitor data pipelines, processing jobs, storage usage, system performance, and data quality. Analytics therefore sits
inside a larger data lifecycle.

A useful way to analyze the topic is to identify the input, transformation or coordination step, output, and failure
conditions. This turns a definition into an operational model.

1 Identify the source of data or work.

2 Identify the component responsible for receiving or transforming it.

3 Determine where data is stored or buffered when necessary.

4 Identify how the system scales when workload increases.

5 Identify what happens when a component fails.

6 Identify how the result is consumed by analytics, users, or downstream applications.

Heavy-data scenario
Real-time example: A delivery platform can collect orders and driver locations, prepare and join those events, analyze
travel times, visualize regional delays, and take action by changing assignment or routing logic. The result is not one
report; it is a continuous data-to-action loop. At larger scale, the same activity can involve many producers, partitions,
workers, storage nodes, and downstream consumers. The design must prevent a single component from becoming a
permanent bottleneck.

Key idea: The most important design question is not “Which tool is used?” but “What responsibility does this
component perform, and why is that responsibility needed at this scale?”
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Analytics Flow for Big Data — Design, Benefits and Limitations

3. Practical design discussion

When a Big Data system is designed, technical correctness is only one requirement. The architecture should also be
operationally manageable. Teams need to understand capacity, latency, failure recovery, data quality, security, cost,
and monitoring.

Design aspect Questions to ask

Scale How much data or work arrives? What is the peak rate?

Latency How quickly must the result be available?

Reliability What happens if a node, network link, or consumer fails?

Data quality How are duplicates, missing values, invalid records, and schema changes handled?

Scalability Can capacity increase by adding resources?

Security Who may produce, read, change, or delete the data?

Cost What storage, compute, network, and operational resources are required?

Advantages
• Supports systematic handling of large and continuously changing workloads.

• Makes complex data-processing responsibilities easier to divide and manage.

• Allows systems to scale when the workload grows.

• Can improve reliability when buffering, replication, retry, or recovery mechanisms are designed correctly.

Limitations and common mistakes
• Adding distributed components can increase operational complexity.

• Poor partitioning or uneven workloads can create bottlenecks.

• More data does not automatically mean more useful information.

• Real-time processing may be unnecessary when batch processing is sufficient.

• A technically correct architecture can still fail if data quality and governance are ignored.

Classroom-to-industry connection
Real-time example: A delivery platform can collect orders and driver locations, prepare and join those events, analyze
travel times, visualize regional delays, and take action by changing assignment or routing logic. The result is not one
report; it is a continuous data-to-action loop. In a production environment, engineers would also monitor throughput,
latency, error rates, resource utilization, and data freshness. These operational measures tell the team whether the
design is actually working under real workload conditions.

Key idea: A strong Big Data solution balances performance with simplicity. The best design is usually the simplest
architecture that satisfies the required scale, freshness, reliability, and analytical goals.
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UNIT I — INTRODUCTION TO BIG DATA

Data Collection

1. Concept and foundation

Data collection is the entry point through which information enters an analytics environment. Sources can be
operational databases, applications, sensors, APIs, logs, files, social platforms, machines, and external datasets.
Collection can be batch-oriented, where data is imported periodically, or event-oriented, where records are captured
continuously. The choice depends on the use case. A weekly business report can tolerate periodic extraction. A
fraud-detection system may require near-real-time events. A collection layer should preserve enough information to
support downstream processing. This includes timestamps, identifiers, source information, event type, and useful
metadata. A clear event structure makes later analysis easier.

Concept → Architecture need → Processing behavior → Analytical/business outcome

Data collection also needs reliability. If a network connection fails, the system should have a strategy for retrying or
buffering information. If a downstream consumer is temporarily unavailable, the collection layer may need to retain
messages rather than discarding them. Collection systems must also handle duplicate events. For example, a client
may retry sending a request after a timeout even though the first request was already received. Downstream systems
may therefore need identifiers or idempotent processing rules. Security begins at collection. Sensitive information
should be protected during transport and access. The system should collect only the data that is justified by the use
case and applicable governance requirements.

Real-time scenario
Real-time example: A mobile application may generate login, search, click, cart, payment, and error events. A
collection layer captures these events, adds timestamps and source metadata, sends them to a messaging system,
and makes them available to different consumers such as analytics, monitoring, and personalization services.

Key idea: Understanding Data Collection requires connecting the definition to the problem it solves. In Big Data, the
architectural choice should always be justified by workload, scale, latency, reliability, and business purpose.
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Data Collection — Detailed Working

2. How the idea works in a real system

Scalability is another major consideration. A system designed for a few hundred events per second may fail when a
product launch or sensor expansion creates a much larger workload. Collection architecture can use multiple
collectors, queues, partitions, and consumers to distribute work. A good collection design also considers schema
evolution. Sources may add fields or change formats. Downstream systems should have a controlled approach to
versioning and compatibility. Monitoring is essential. Operators should be able to see event rates, failures, latency,
queue depth, duplicate rates, and processing status. Without observability, a silent collection failure can produce
incomplete analytics.

A useful way to analyze the topic is to identify the input, transformation or coordination step, output, and failure
conditions. This turns a definition into an operational model.

1 Identify the source of data or work.

2 Identify the component responsible for receiving or transforming it.

3 Determine where data is stored or buffered when necessary.

4 Identify how the system scales when workload increases.

5 Identify what happens when a component fails.

6 Identify how the result is consumed by analytics, users, or downstream applications.

Heavy-data scenario
Real-time example: A mobile application may generate login, search, click, cart, payment, and error events. A
collection layer captures these events, adds timestamps and source metadata, sends them to a messaging system,
and makes them available to different consumers such as analytics, monitoring, and personalization services. At
larger scale, the same activity can involve many producers, partitions, workers, storage nodes, and downstream
consumers. The design must prevent a single component from becoming a permanent bottleneck.

Key idea: The most important design question is not “Which tool is used?” but “What responsibility does this
component perform, and why is that responsibility needed at this scale?”
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Data Collection — Design, Benefits and Limitations

3. Practical design discussion

When a Big Data system is designed, technical correctness is only one requirement. The architecture should also be
operationally manageable. Teams need to understand capacity, latency, failure recovery, data quality, security, cost,
and monitoring.

Design aspect Questions to ask

Scale How much data or work arrives? What is the peak rate?

Latency How quickly must the result be available?

Reliability What happens if a node, network link, or consumer fails?

Data quality How are duplicates, missing values, invalid records, and schema changes handled?

Scalability Can capacity increase by adding resources?

Security Who may produce, read, change, or delete the data?

Cost What storage, compute, network, and operational resources are required?

Advantages
• Supports systematic handling of large and continuously changing workloads.

• Makes complex data-processing responsibilities easier to divide and manage.

• Allows systems to scale when the workload grows.

• Can improve reliability when buffering, replication, retry, or recovery mechanisms are designed correctly.

Limitations and common mistakes
• Adding distributed components can increase operational complexity.

• Poor partitioning or uneven workloads can create bottlenecks.

• More data does not automatically mean more useful information.

• Real-time processing may be unnecessary when batch processing is sufficient.

• A technically correct architecture can still fail if data quality and governance are ignored.

Classroom-to-industry connection
Real-time example: A mobile application may generate login, search, click, cart, payment, and error events. A
collection layer captures these events, adds timestamps and source metadata, sends them to a messaging system,
and makes them available to different consumers such as analytics, monitoring, and personalization services. In a
production environment, engineers would also monitor throughput, latency, error rates, resource utilization, and data
freshness. These operational measures tell the team whether the design is actually working under real workload
conditions.

Key idea: A strong Big Data solution balances performance with simplicity. The best design is usually the simplest
architecture that satisfies the required scale, freshness, reliability, and analytical goals.
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UNIT I — INTRODUCTION TO BIG DATA

Data Preparation

1. Concept and foundation

Data preparation is often the largest practical part of an analytics project because real-world data rarely arrives in
perfect form. Preparation transforms source data into a consistent representation that analytical methods can use.
The first activity is data profiling. Teams examine field types, missing-value rates, unique values, distributions,
duplicate records, invalid values, and relationships between fields. Profiling reveals what the data actually looks like
rather than what the documentation claims it looks like. Cleaning then addresses quality problems. Examples include
removing duplicate events, correcting invalid formats, handling missing values, filtering impossible measurements,
and resolving inconsistent categories. The correct treatment depends on the meaning of the data.

Concept → Architecture need → Processing behavior → Analytical/business outcome

Integration combines information from different sources. A retail organization might need to join customer, order,
inventory, and product data. The challenge is that identifiers and formats may differ. One source may use a customer
number while another uses an email address; timestamps may use different time zones; product categories may use
different naming conventions. Transformation changes the representation. Dates can be standardized, units
converted, text normalized, and derived fields created. For example, a transaction timestamp can be transformed into
day-of-week, hour, month, or holiday indicators. Data reduction is useful when unnecessary detail creates processing
cost. Aggregation can summarize events at a useful level while retaining the original data elsewhere when needed.

Real-time scenario
Real-time example: In a manufacturing system, temperature may be recorded in Celsius by one source and
Fahrenheit by another. Device IDs may contain inconsistent formatting, and duplicate readings may occur after
network retries. Preparation standardizes units and IDs, identifies duplicates, validates ranges, and creates a clean
stream for predictive-maintenance analysis.

Key idea: Understanding Data Preparation requires connecting the definition to the problem it solves. In Big Data, the
architectural choice should always be justified by workload, scale, latency, reliability, and business purpose.
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Data Preparation — Detailed Working

2. How the idea works in a real system

Preparation is not only about making data “look clean.” It also involves understanding semantics. A missing value may
mean “not recorded,” “not applicable,” or “zero,” and those meanings are not interchangeable. In Big Data, preparation
may happen in batch or streaming pipelines. Batch preparation can perform large transformations over historical data.
Streaming preparation can validate and enrich events while they are arriving. Quality checks should be measurable.
Examples include completeness percentage, duplicate rate, accepted-event rate, schema-validation failures, and
freshness. Monitoring these measures helps identify when a source changes unexpectedly.

A useful way to analyze the topic is to identify the input, transformation or coordination step, output, and failure
conditions. This turns a definition into an operational model.

1 Identify the source of data or work.

2 Identify the component responsible for receiving or transforming it.

3 Determine where data is stored or buffered when necessary.

4 Identify how the system scales when workload increases.

5 Identify what happens when a component fails.

6 Identify how the result is consumed by analytics, users, or downstream applications.

Heavy-data scenario
Real-time example: In a manufacturing system, temperature may be recorded in Celsius by one source and
Fahrenheit by another. Device IDs may contain inconsistent formatting, and duplicate readings may occur after
network retries. Preparation standardizes units and IDs, identifies duplicates, validates ranges, and creates a clean
stream for predictive-maintenance analysis. At larger scale, the same activity can involve many producers, partitions,
workers, storage nodes, and downstream consumers. The design must prevent a single component from becoming a
permanent bottleneck.

Key idea: The most important design question is not “Which tool is used?” but “What responsibility does this
component perform, and why is that responsibility needed at this scale?”
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Data Preparation — Design, Benefits and Limitations

3. Practical design discussion

When a Big Data system is designed, technical correctness is only one requirement. The architecture should also be
operationally manageable. Teams need to understand capacity, latency, failure recovery, data quality, security, cost,
and monitoring.

Design aspect Questions to ask

Scale How much data or work arrives? What is the peak rate?

Latency How quickly must the result be available?

Reliability What happens if a node, network link, or consumer fails?

Data quality How are duplicates, missing values, invalid records, and schema changes handled?

Scalability Can capacity increase by adding resources?

Security Who may produce, read, change, or delete the data?

Cost What storage, compute, network, and operational resources are required?

Advantages
• Supports systematic handling of large and continuously changing workloads.

• Makes complex data-processing responsibilities easier to divide and manage.

• Allows systems to scale when the workload grows.

• Can improve reliability when buffering, replication, retry, or recovery mechanisms are designed correctly.

Limitations and common mistakes
• Adding distributed components can increase operational complexity.

• Poor partitioning or uneven workloads can create bottlenecks.

• More data does not automatically mean more useful information.

• Real-time processing may be unnecessary when batch processing is sufficient.

• A technically correct architecture can still fail if data quality and governance are ignored.

Classroom-to-industry connection
Real-time example: In a manufacturing system, temperature may be recorded in Celsius by one source and
Fahrenheit by another. Device IDs may contain inconsistent formatting, and duplicate readings may occur after
network retries. Preparation standardizes units and IDs, identifies duplicates, validates ranges, and creates a clean
stream for predictive-maintenance analysis. In a production environment, engineers would also monitor throughput,
latency, error rates, resource utilization, and data freshness. These operational measures tell the team whether the
design is actually working under real workload conditions.

Key idea: A strong Big Data solution balances performance with simplicity. The best design is usually the simplest
architecture that satisfies the required scale, freshness, reliability, and analytical goals.
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UNIT I — INTRODUCTION TO BIG DATA

Analysis Types

1. Concept and foundation

Analytics can be organized into four broad types: descriptive, diagnostic, predictive, and prescriptive. They represent
different questions and increasing levels of decision support. Descriptive analytics summarizes what has happened.
It can use totals, averages, counts, percentages, distributions, and trends. A dashboard showing daily orders is
descriptive. Diagnostic analytics investigates why an outcome occurred. It may compare groups, examine
correlations, drill into segments, or trace a process. If sales fell, diagnostic analysis might compare product availability,
traffic sources, regions, customer segments, and checkout performance. Predictive analytics estimates what may
happen next. It can use statistical models or machine-learning algorithms. The output is usually a probability, forecast,
score, or expected value rather than certainty.

Concept → Architecture need → Processing behavior → Analytical/business outcome

Prescriptive analytics evaluates possible actions. It may use optimization, simulation, rules, or model-based
recommendations. The goal is to answer “What should we do given what we know?” The four types often appear
together. Consider a bank. Descriptive analytics can summarize recent transaction patterns. Diagnostic analysis can
investigate an increase in declined transactions. Predictive analytics can estimate fraud risk for new transactions.
Prescriptive logic can decide whether to request additional verification. The important distinction is the question being
answered. The same dataset can support all four types. The difference is what the analysis is intended to produce.

Real-time scenario
Real-time example: In an online retailer, descriptive analytics reports yesterday's sales; diagnostic analytics explains a
decline in a category; predictive analytics forecasts next week's demand; prescriptive analytics recommends how
much stock should be positioned in each warehouse.

Key idea: Understanding Analysis Types requires connecting the definition to the problem it solves. In Big Data, the
architectural choice should always be justified by workload, scale, latency, reliability, and business purpose.
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Analysis Types — Detailed Working

2. How the idea works in a real system

Big Data makes these analysis types more challenging because the data may be too large for a single machine, may
arrive continuously, or may contain multiple formats. Distributed processing can create the summaries, features, and
model inputs needed for analysis. Predictive models also depend on quality training data. Large datasets do not
guarantee accurate predictions. Data leakage, sampling bias, changes in behavior, and poor labels can reduce model
usefulness. Prescriptive systems must additionally consider constraints. A recommendation may be statistically
attractive but operationally impossible, too expensive, or inconsistent with business rules.

A useful way to analyze the topic is to identify the input, transformation or coordination step, output, and failure
conditions. This turns a definition into an operational model.

1 Identify the source of data or work.

2 Identify the component responsible for receiving or transforming it.

3 Determine where data is stored or buffered when necessary.

4 Identify how the system scales when workload increases.

5 Identify what happens when a component fails.

6 Identify how the result is consumed by analytics, users, or downstream applications.

Heavy-data scenario
Real-time example: In an online retailer, descriptive analytics reports yesterday's sales; diagnostic analytics explains a
decline in a category; predictive analytics forecasts next week's demand; prescriptive analytics recommends how
much stock should be positioned in each warehouse. At larger scale, the same activity can involve many producers,
partitions, workers, storage nodes, and downstream consumers. The design must prevent a single component from
becoming a permanent bottleneck.

Key idea: The most important design question is not “Which tool is used?” but “What responsibility does this
component perform, and why is that responsibility needed at this scale?”
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Analysis Types — Design, Benefits and Limitations

3. Practical design discussion

When a Big Data system is designed, technical correctness is only one requirement. The architecture should also be
operationally manageable. Teams need to understand capacity, latency, failure recovery, data quality, security, cost,
and monitoring.

Design aspect Questions to ask

Scale How much data or work arrives? What is the peak rate?

Latency How quickly must the result be available?

Reliability What happens if a node, network link, or consumer fails?

Data quality How are duplicates, missing values, invalid records, and schema changes handled?

Scalability Can capacity increase by adding resources?

Security Who may produce, read, change, or delete the data?

Cost What storage, compute, network, and operational resources are required?

Advantages
• Supports systematic handling of large and continuously changing workloads.

• Makes complex data-processing responsibilities easier to divide and manage.

• Allows systems to scale when the workload grows.

• Can improve reliability when buffering, replication, retry, or recovery mechanisms are designed correctly.

Limitations and common mistakes
• Adding distributed components can increase operational complexity.

• Poor partitioning or uneven workloads can create bottlenecks.

• More data does not automatically mean more useful information.

• Real-time processing may be unnecessary when batch processing is sufficient.

• A technically correct architecture can still fail if data quality and governance are ignored.

Classroom-to-industry connection
Real-time example: In an online retailer, descriptive analytics reports yesterday's sales; diagnostic analytics explains a
decline in a category; predictive analytics forecasts next week's demand; prescriptive analytics recommends how
much stock should be positioned in each warehouse. In a production environment, engineers would also monitor
throughput, latency, error rates, resource utilization, and data freshness. These operational measures tell the team
whether the design is actually working under real workload conditions.

Key idea: A strong Big Data solution balances performance with simplicity. The best design is usually the simplest
architecture that satisfies the required scale, freshness, reliability, and analytical goals.
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UNIT I — INTRODUCTION TO BIG DATA

Analysis Modes

1. Concept and foundation

Analysis mode describes when and how data is processed. The major modes in this syllabus are batch processing,
stream processing, and interactive analysis. Batch processing works on accumulated data. A job may process
millions or billions of records together. Batch processing is useful for historical calculations, periodic reports, large
transformations, and model training when immediate results are not required. Stream processing handles events
continuously or in very small intervals. It is suitable when fresh information matters. Examples include fraud alerts, live
monitoring, sensor anomaly detection, and real-time personalization. Interactive analysis is designed for users who
repeatedly ask questions and explore data. The system should return results quickly enough to support investigation.

Concept → Architecture need → Processing behavior → Analytical/business outcome

Batch processing has the advantage of efficiency for large historical workloads. It can process data in parallel and
perform complex transformations. Its limitation is latency: a result may not be available until the batch finishes. Stream
processing reduces latency but introduces more complexity. Events can arrive late, out of order, or more than once.
The system needs strategies for time handling, state management, failure recovery, and scaling. Interactive analysis
requires responsive query performance. Data may need indexes, partitions, precomputed summaries, caching, or
specialized analytical storage. The design depends on the questions users ask.

Real-time scenario
Real-time example: A fraud-monitoring system may process payment events continuously, while a finance team
produces a daily reconciliation report in batch. Both operate on the same broad domain but require different
processing modes.

Key idea: Understanding Analysis Modes requires connecting the definition to the problem it solves. In Big Data, the
architectural choice should always be justified by workload, scale, latency, reliability, and business purpose.
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Analysis Modes — Detailed Working

2. How the idea works in a real system

These modes are not mutually exclusive. A real platform can use all three. For example, a retailer may use streaming
for current order monitoring, batch processing for nightly inventory calculations, and interactive dashboards for
business analysts. The mode should therefore be selected according to freshness requirement, data volume,
processing complexity, and user interaction pattern. A common mistake is assuming that every Big Data problem
must be real-time. Real-time processing is useful only when the business or operational decision actually requires low
latency. Otherwise, batch processing can be simpler and more economical.

A useful way to analyze the topic is to identify the input, transformation or coordination step, output, and failure
conditions. This turns a definition into an operational model.

1 Identify the source of data or work.

2 Identify the component responsible for receiving or transforming it.

3 Determine where data is stored or buffered when necessary.

4 Identify how the system scales when workload increases.

5 Identify what happens when a component fails.

6 Identify how the result is consumed by analytics, users, or downstream applications.

Heavy-data scenario
Real-time example: A fraud-monitoring system may process payment events continuously, while a finance team
produces a daily reconciliation report in batch. Both operate on the same broad domain but require different
processing modes. At larger scale, the same activity can involve many producers, partitions, workers, storage nodes,
and downstream consumers. The design must prevent a single component from becoming a permanent bottleneck.

Key idea: The most important design question is not “Which tool is used?” but “What responsibility does this
component perform, and why is that responsibility needed at this scale?”
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Analysis Modes — Design, Benefits and Limitations

3. Practical design discussion

When a Big Data system is designed, technical correctness is only one requirement. The architecture should also be
operationally manageable. Teams need to understand capacity, latency, failure recovery, data quality, security, cost,
and monitoring.

Design aspect Questions to ask

Scale How much data or work arrives? What is the peak rate?

Latency How quickly must the result be available?

Reliability What happens if a node, network link, or consumer fails?

Data quality How are duplicates, missing values, invalid records, and schema changes handled?

Scalability Can capacity increase by adding resources?

Security Who may produce, read, change, or delete the data?

Cost What storage, compute, network, and operational resources are required?

Advantages
• Supports systematic handling of large and continuously changing workloads.

• Makes complex data-processing responsibilities easier to divide and manage.

• Allows systems to scale when the workload grows.

• Can improve reliability when buffering, replication, retry, or recovery mechanisms are designed correctly.

Limitations and common mistakes
• Adding distributed components can increase operational complexity.

• Poor partitioning or uneven workloads can create bottlenecks.

• More data does not automatically mean more useful information.

• Real-time processing may be unnecessary when batch processing is sufficient.

• A technically correct architecture can still fail if data quality and governance are ignored.

Classroom-to-industry connection
Real-time example: A fraud-monitoring system may process payment events continuously, while a finance team
produces a daily reconciliation report in batch. Both operate on the same broad domain but require different
processing modes. In a production environment, engineers would also monitor throughput, latency, error rates,
resource utilization, and data freshness. These operational measures tell the team whether the design is actually
working under real workload conditions.

Key idea: A strong Big Data solution balances performance with simplicity. The best design is usually the simplest
architecture that satisfies the required scale, freshness, reliability, and analytical goals.
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UNIT I — INTRODUCTION TO BIG DATA

Visualizations

1. Concept and foundation

Visualization turns analytical results into visual representations that people can understand and compare. A good
visualization reduces cognitive effort and highlights the relationship relevant to the question. A bar chart is useful for
comparing categories. A line chart is useful for trends over time. A scatter plot can show relationships between
numerical variables. A histogram shows how values are distributed. A heat map uses intensity to display values
across two dimensions. A map is useful when location is central to the analysis. A dashboard combines multiple
visual elements for monitoring. The choice should follow the analytical question. If the question is “Which region sold
the most?”, a bar chart is often clearer than a line chart.

Concept → Architecture need → Processing behavior → Analytical/business outcome

Big Data visualization introduces a scale challenge. A chart cannot display millions of individual events meaningfully.
Data may need aggregation, sampling, filtering, or hierarchical drill-down. Dashboards should also distinguish
between monitoring and exploration. A monitoring dashboard highlights key measures, thresholds, and exceptions. An
analytical dashboard may allow users to filter by time, region, product, or customer segment. Visual encoding should
be consistent. Labels, units, time ranges, and definitions should be clear. A visually attractive chart can still be
misleading if axes, scales, or categories are poorly chosen.

Real-time scenario
Real-time example: A logistics dashboard can display active deliveries, average delivery time, delayed regions,
vehicle locations, and order volume. Aggregated views help managers see the current situation while drill-down
features allow investigation of individual regions or routes.

Key idea: Understanding Visualizations requires connecting the definition to the problem it solves. In Big Data, the
architectural choice should always be justified by workload, scale, latency, reliability, and business purpose.
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Visualizations — Detailed Working

2. How the idea works in a real system

Real-time dashboards may receive continuously updated data. The system then needs a refresh strategy and a way
to handle late-arriving or corrected records. Users should understand whether the displayed number is final,
provisional, or estimated. Visualization is also a communication responsibility. The analyst should explain what the
chart means, what it does not prove, and which decision it supports. For example, a correlation shown in a scatter plot
does not automatically establish causation.

A useful way to analyze the topic is to identify the input, transformation or coordination step, output, and failure
conditions. This turns a definition into an operational model.

1 Identify the source of data or work.

2 Identify the component responsible for receiving or transforming it.

3 Determine where data is stored or buffered when necessary.

4 Identify how the system scales when workload increases.

5 Identify what happens when a component fails.

6 Identify how the result is consumed by analytics, users, or downstream applications.

Heavy-data scenario
Real-time example: A logistics dashboard can display active deliveries, average delivery time, delayed regions,
vehicle locations, and order volume. Aggregated views help managers see the current situation while drill-down
features allow investigation of individual regions or routes. At larger scale, the same activity can involve many
producers, partitions, workers, storage nodes, and downstream consumers. The design must prevent a single
component from becoming a permanent bottleneck.

Key idea: The most important design question is not “Which tool is used?” but “What responsibility does this
component perform, and why is that responsibility needed at this scale?”



Big Data Analytics — Units I, II & III Page 32

Visualizations — Design, Benefits and Limitations

3. Practical design discussion

When a Big Data system is designed, technical correctness is only one requirement. The architecture should also be
operationally manageable. Teams need to understand capacity, latency, failure recovery, data quality, security, cost,
and monitoring.

Design aspect Questions to ask

Scale How much data or work arrives? What is the peak rate?

Latency How quickly must the result be available?

Reliability What happens if a node, network link, or consumer fails?

Data quality How are duplicates, missing values, invalid records, and schema changes handled?

Scalability Can capacity increase by adding resources?

Security Who may produce, read, change, or delete the data?

Cost What storage, compute, network, and operational resources are required?

Advantages
• Supports systematic handling of large and continuously changing workloads.

• Makes complex data-processing responsibilities easier to divide and manage.

• Allows systems to scale when the workload grows.

• Can improve reliability when buffering, replication, retry, or recovery mechanisms are designed correctly.

Limitations and common mistakes
• Adding distributed components can increase operational complexity.

• Poor partitioning or uneven workloads can create bottlenecks.

• More data does not automatically mean more useful information.

• Real-time processing may be unnecessary when batch processing is sufficient.

• A technically correct architecture can still fail if data quality and governance are ignored.

Classroom-to-industry connection
Real-time example: A logistics dashboard can display active deliveries, average delivery time, delayed regions,
vehicle locations, and order volume. Aggregated views help managers see the current situation while drill-down
features allow investigation of individual regions or routes. In a production environment, engineers would also monitor
throughput, latency, error rates, resource utilization, and data freshness. These operational measures tell the team
whether the design is actually working under real workload conditions.

Key idea: A strong Big Data solution balances performance with simplicity. The best design is usually the simplest
architecture that satisfies the required scale, freshness, reliability, and analytical goals.
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UNIT I — INTRODUCTION TO BIG DATA

Big Data Stack

1. Concept and foundation

The Big Data stack is a layered view of the technologies and responsibilities needed to move information from sources
to useful results. The exact products can change, but the conceptual layers remain useful. Data sources generate
information. These can include applications, databases, sensors, logs, APIs, and external feeds. Data ingestion
receives and transports information. It may use collectors, queues, event streams, or batch extraction tools. Storage
retains data. Large systems may use distributed files, object storage, data lakes, databases, or analytical stores
depending on access requirements. Processing transforms and computes over data. Processing may be batch or
streaming and may involve cleaning, aggregation, joining, and feature creation.

Concept → Architecture need → Processing behavior → Analytical/business outcome

The analytics layer applies statistical methods, queries, machine learning, data mining, or domain-specific
algorithms. The result can be a report, prediction, anomaly score, recommendation, or optimization. The
visualization/application layer presents or uses the results. A dashboard may show trends, while an application may
use a prediction automatically. Cross-cutting concerns exist across all layers. Security controls access. Governance
defines ownership and acceptable use. Monitoring measures health and performance. Metadata explains what fields
mean. Cost management ensures the platform is sustainable.

Real-time scenario
End-to-end example: An e-commerce application generates click events. An ingestion layer collects them, storage
retains them, processing cleans and aggregates them, analytics identifies customer patterns, and visualization or
recommendation services use the results. Each layer has a different responsibility but must work as one system.

Key idea: Understanding Big Data Stack requires connecting the definition to the problem it solves. In Big Data, the
architectural choice should always be justified by workload, scale, latency, reliability, and business purpose.
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Big Data Stack — Detailed Working

2. How the idea works in a real system

The stack should be designed from requirements rather than from a list of fashionable technologies. Questions
include: What is the event rate? How long must data be retained? Is real-time processing required? What queries will
users run? What failure guarantees are required? Who can access the data? The stack is also not necessarily linear.
Analytics may produce data that becomes a new source for another pipeline. Processing may write intermediate
results back to storage. Applications may generate new events based on analytical decisions.

A useful way to analyze the topic is to identify the input, transformation or coordination step, output, and failure
conditions. This turns a definition into an operational model.

1 Identify the source of data or work.

2 Identify the component responsible for receiving or transforming it.

3 Determine where data is stored or buffered when necessary.

4 Identify how the system scales when workload increases.

5 Identify what happens when a component fails.

6 Identify how the result is consumed by analytics, users, or downstream applications.

Heavy-data scenario
End-to-end example: An e-commerce application generates click events. An ingestion layer collects them, storage
retains them, processing cleans and aggregates them, analytics identifies customer patterns, and visualization or
recommendation services use the results. Each layer has a different responsibility but must work as one system. At
larger scale, the same activity can involve many producers, partitions, workers, storage nodes, and downstream
consumers. The design must prevent a single component from becoming a permanent bottleneck.

Key idea: The most important design question is not “Which tool is used?” but “What responsibility does this
component perform, and why is that responsibility needed at this scale?”
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Big Data Stack — Design, Benefits and Limitations

3. Practical design discussion

When a Big Data system is designed, technical correctness is only one requirement. The architecture should also be
operationally manageable. Teams need to understand capacity, latency, failure recovery, data quality, security, cost,
and monitoring.

Design aspect Questions to ask

Scale How much data or work arrives? What is the peak rate?

Latency How quickly must the result be available?

Reliability What happens if a node, network link, or consumer fails?

Data quality How are duplicates, missing values, invalid records, and schema changes handled?

Scalability Can capacity increase by adding resources?

Security Who may produce, read, change, or delete the data?

Cost What storage, compute, network, and operational resources are required?

Advantages
• Supports systematic handling of large and continuously changing workloads.

• Makes complex data-processing responsibilities easier to divide and manage.

• Allows systems to scale when the workload grows.

• Can improve reliability when buffering, replication, retry, or recovery mechanisms are designed correctly.

Limitations and common mistakes
• Adding distributed components can increase operational complexity.

• Poor partitioning or uneven workloads can create bottlenecks.

• More data does not automatically mean more useful information.

• Real-time processing may be unnecessary when batch processing is sufficient.

• A technically correct architecture can still fail if data quality and governance are ignored.

Classroom-to-industry connection
End-to-end example: An e-commerce application generates click events. An ingestion layer collects them, storage
retains them, processing cleans and aggregates them, analytics identifies customer patterns, and visualization or
recommendation services use the results. Each layer has a different responsibility but must work as one system. In a
production environment, engineers would also monitor throughput, latency, error rates, resource utilization, and data
freshness. These operational measures tell the team whether the design is actually working under real workload
conditions.

Key idea: A strong Big Data solution balances performance with simplicity. The best design is usually the simplest
architecture that satisfies the required scale, freshness, reliability, and analytical goals.
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Analytics Architecture Components & Design Styles

An analytics architecture organizes the components needed to
collect, store, process, analyze, and serve data. A useful
architecture begins with source systems and ends with a business
or operational action. Common components include data
producers, ingestion mechanisms, message brokers, storage
systems, processing engines, analytical stores, model-serving
components, dashboards, and applications. Supporting
components include metadata management, monitoring, security,
governance, and orchestration. A design style describes how these
components communicate and where responsibilities are placed.
Centralized systems keep control and processing in fewer places.
Distributed systems spread data and computation across multiple
machines. Big Data systems commonly use distributed styles
because scale requires parallelism.

1. Concept and foundation

A distributed analytics architecture must account for network communication. A computation that is trivial on one
machine can become expensive when data must move between many machines. Therefore, partitioning, locality,
batching, caching, and data movement become important design concerns. Architects also distinguish between
coupling and independence. Tightly coupled components may depend directly on one another. Loosely coupled
components can communicate through messages or stable interfaces. Loose coupling can make scaling and
independent deployment easier. A strong architecture also separates data plane responsibilities from control
responsibilities. Data plane components process the actual workload, while control components coordinate, schedule,
monitor, or configure the system.

Concept → Architecture need → Processing behavior → Analytical/business outcome

Design decisions should be evaluated using requirements such as throughput, latency, reliability, scalability,
maintainability, cost, and security. For example, a live fraud system prioritizes low latency and reliable event delivery.
A historical analytics warehouse may prioritize query efficiency and large-scale storage. A machine-learning training
platform may prioritize high-throughput data access and compute parallelism. The architecture should therefore be
treated as a set of trade-offs rather than a single universal pattern.

Real-time scenario
Real-time example: A manufacturing analytics platform can separate sensor ingestion from processing. Sensors
publish readings, an ingestion layer buffers them, distributed workers process the readings, a storage layer keeps
history, and a dashboard presents machine health. This separation allows each part to scale according to its own
workload.

Key idea: Understanding An analytics architecture organizes the components needed to collect, store, process,
analyze, and serve data. A useful architecture begins with source systems and ends with a business or operational
action. Common components include data producers, ingestion mechanisms, message brokers, storage systems,
processing engines, analytical stores, model-serving components, dashboards, and applications. Supporting
components include metadata management, monitoring, security, governance, and orchestration. A design style
describes how these components communicate and where responsibilities are placed. Centralized systems keep
control and processing in fewer places. Distributed systems spread data and computation across multiple machines.
Big Data systems commonly use distributed styles because scale requires parallelism. requires connecting the
definition to the problem it solves. In Big Data, the architectural choice should always be justified by workload, scale,
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latency, reliability, and business purpose.
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An analytics architecture organizes the components needed to
collect, store, process, analyze, and serve data. A useful
architecture begins with source systems and ends with a business
or operational action. Common components include data
producers, ingestion mechanisms, message brokers, storage
systems, processing engines, analytical stores, model-serving
components, dashboards, and applications. Supporting
components include metadata management, monitoring, security,
governance, and orchestration. A design style describes how these
components communicate and where responsibilities are placed.
Centralized systems keep control and processing in fewer places.
Distributed systems spread data and computation across multiple
machines. Big Data systems commonly use distributed styles
because scale requires parallelism. — Detailed Working

2. How the idea works in a real system

Design decisions should be evaluated using requirements such as throughput, latency, reliability, scalability,
maintainability, cost, and security. For example, a live fraud system prioritizes low latency and reliable event delivery.
A historical analytics warehouse may prioritize query efficiency and large-scale storage. A machine-learning training
platform may prioritize high-throughput data access and compute parallelism. The architecture should therefore be
treated as a set of trade-offs rather than a single universal pattern.

A useful way to analyze the topic is to identify the input, transformation or coordination step, output, and failure
conditions. This turns a definition into an operational model.

1 Identify the source of data or work.

2 Identify the component responsible for receiving or transforming it.

3 Determine where data is stored or buffered when necessary.

4 Identify how the system scales when workload increases.

5 Identify what happens when a component fails.

6 Identify how the result is consumed by analytics, users, or downstream applications.

Heavy-data scenario
Real-time example: A manufacturing analytics platform can separate sensor ingestion from processing. Sensors
publish readings, an ingestion layer buffers them, distributed workers process the readings, a storage layer keeps
history, and a dashboard presents machine health. This separation allows each part to scale according to its own
workload. At larger scale, the same activity can involve many producers, partitions, workers, storage nodes, and
downstream consumers. The design must prevent a single component from becoming a permanent bottleneck.

Key idea: The most important design question is not “Which tool is used?” but “What responsibility does this
component perform, and why is that responsibility needed at this scale?”



Big Data Analytics — Units I, II & III Page 39

An analytics architecture organizes the components needed to
collect, store, process, analyze, and serve data. A useful
architecture begins with source systems and ends with a business
or operational action. Common components include data
producers, ingestion mechanisms, message brokers, storage
systems, processing engines, analytical stores, model-serving
components, dashboards, and applications. Supporting
components include metadata management, monitoring, security,
governance, and orchestration. A design style describes how these
components communicate and where responsibilities are placed.
Centralized systems keep control and processing in fewer places.
Distributed systems spread data and computation across multiple
machines. Big Data systems commonly use distributed styles
because scale requires parallelism. — Design, Benefits and
Limitations

3. Practical design discussion

When a Big Data system is designed, technical correctness is only one requirement. The architecture should also be
operationally manageable. Teams need to understand capacity, latency, failure recovery, data quality, security, cost,
and monitoring.

Design aspect Questions to ask

Scale How much data or work arrives? What is the peak rate?

Latency How quickly must the result be available?

Reliability What happens if a node, network link, or consumer fails?

Data quality How are duplicates, missing values, invalid records, and schema changes handled?

Scalability Can capacity increase by adding resources?

Security Who may produce, read, change, or delete the data?

Cost What storage, compute, network, and operational resources are required?

Advantages
• Supports systematic handling of large and continuously changing workloads.

• Makes complex data-processing responsibilities easier to divide and manage.

• Allows systems to scale when the workload grows.

• Can improve reliability when buffering, replication, retry, or recovery mechanisms are designed correctly.

Limitations and common mistakes
• Adding distributed components can increase operational complexity.

• Poor partitioning or uneven workloads can create bottlenecks.

• More data does not automatically mean more useful information.

• Real-time processing may be unnecessary when batch processing is sufficient.
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• A technically correct architecture can still fail if data quality and governance are ignored.

Classroom-to-industry connection
Real-time example: A manufacturing analytics platform can separate sensor ingestion from processing. Sensors
publish readings, an ingestion layer buffers them, distributed workers process the readings, a storage layer keeps
history, and a dashboard presents machine health. This separation allows each part to scale according to its own
workload. In a production environment, engineers would also monitor throughput, latency, error rates, resource
utilization, and data freshness. These operational measures tell the team whether the design is actually working under
real workload conditions.

Key idea: A strong Big Data solution balances performance with simplicity. The best design is usually the simplest
architecture that satisfies the required scale, freshness, reliability, and analytical goals.
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Load Leveling with Queues

Load leveling addresses a mismatch between the rate at which work
arrives and the rate at which work can be processed. A queue stores
pending work so producers do not have to wait for consumers to
finish immediately. The basic flow is Producer → Queue →
Consumer. The producer adds a task or event. The queue retains it.
The consumer retrieves the task when it has capacity. This pattern
is particularly useful when traffic is bursty. For example, a shopping
platform may have normal order traffic for most of the day and a
large spike during a promotion. The queue absorbs the spike while
workers process orders steadily.

1. Concept and foundation

Queue-based designs create temporal decoupling. Producers and consumers do not need to operate at exactly the
same rate. They can also be deployed and scaled independently. Important concepts include queue depth,
throughput, processing latency, retry behavior, visibility or acknowledgement, and dead-letter handling. If consumers
fall behind, queue depth grows. Monitoring queue depth can therefore provide an early warning of capacity problems.
Reliability design matters. If a worker crashes after receiving a task, the system needs a way to make the task
available again or ensure that processing is safe to repeat.

Concept → Architecture need → Processing behavior → Analytical/business outcome

Load leveling does not remove the workload; it manages it. If arrivals consistently exceed processing capacity, the
queue will continue to grow. The long-term solution may require more consumers, faster processing, filtering,
aggregation, or a change in workload generation. Queues can also help protect downstream services. A consumer
can process data at a rate the database or external API can safely handle, rather than sending an uncontrolled burst.
This pattern is therefore a form of flow control as well as a reliability mechanism.

Real-time scenario
Real-time example: A university application portal may receive a sudden burst of document-processing requests near
a deadline. A queue can buffer uploaded documents while several workers validate, extract, and store them. Users
are separated from the processing rate of the backend.

Key idea: Understanding Load leveling addresses a mismatch between the rate at which work arrives and the rate at
which work can be processed. A queue stores pending work so producers do not have to wait for consumers to finish
immediately. The basic flow is Producer → Queue → Consumer. The producer adds a task or event. The queue
retains it. The consumer retrieves the task when it has capacity. This pattern is particularly useful when traffic is
bursty. For example, a shopping platform may have normal order traffic for most of the day and a large spike during a
promotion. The queue absorbs the spike while workers process orders steadily. requires connecting the definition to
the problem it solves. In Big Data, the architectural choice should always be justified by workload, scale, latency,
reliability, and business purpose.
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Load leveling addresses a mismatch between the rate at which work
arrives and the rate at which work can be processed. A queue stores
pending work so producers do not have to wait for consumers to
finish immediately. The basic flow is Producer → Queue →
Consumer. The producer adds a task or event. The queue retains it.
The consumer retrieves the task when it has capacity. This pattern
is particularly useful when traffic is bursty. For example, a shopping
platform may have normal order traffic for most of the day and a
large spike during a promotion. The queue absorbs the spike while
workers process orders steadily. — Detailed Working

2. How the idea works in a real system

Load leveling does not remove the workload; it manages it. If arrivals consistently exceed processing capacity, the
queue will continue to grow. The long-term solution may require more consumers, faster processing, filtering,
aggregation, or a change in workload generation. Queues can also help protect downstream services. A consumer
can process data at a rate the database or external API can safely handle, rather than sending an uncontrolled burst.
This pattern is therefore a form of flow control as well as a reliability mechanism.

A useful way to analyze the topic is to identify the input, transformation or coordination step, output, and failure
conditions. This turns a definition into an operational model.

1 Identify the source of data or work.

2 Identify the component responsible for receiving or transforming it.

3 Determine where data is stored or buffered when necessary.

4 Identify how the system scales when workload increases.

5 Identify what happens when a component fails.

6 Identify how the result is consumed by analytics, users, or downstream applications.

Heavy-data scenario
Real-time example: A university application portal may receive a sudden burst of document-processing requests near
a deadline. A queue can buffer uploaded documents while several workers validate, extract, and store them. Users
are separated from the processing rate of the backend. At larger scale, the same activity can involve many producers,
partitions, workers, storage nodes, and downstream consumers. The design must prevent a single component from
becoming a permanent bottleneck.

Key idea: The most important design question is not “Which tool is used?” but “What responsibility does this
component perform, and why is that responsibility needed at this scale?”
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Load leveling addresses a mismatch between the rate at which work
arrives and the rate at which work can be processed. A queue stores
pending work so producers do not have to wait for consumers to
finish immediately. The basic flow is Producer → Queue →
Consumer. The producer adds a task or event. The queue retains it.
The consumer retrieves the task when it has capacity. This pattern
is particularly useful when traffic is bursty. For example, a shopping
platform may have normal order traffic for most of the day and a
large spike during a promotion. The queue absorbs the spike while
workers process orders steadily. — Design, Benefits and
Limitations

3. Practical design discussion

When a Big Data system is designed, technical correctness is only one requirement. The architecture should also be
operationally manageable. Teams need to understand capacity, latency, failure recovery, data quality, security, cost,
and monitoring.

Design aspect Questions to ask

Scale How much data or work arrives? What is the peak rate?

Latency How quickly must the result be available?

Reliability What happens if a node, network link, or consumer fails?

Data quality How are duplicates, missing values, invalid records, and schema changes handled?

Scalability Can capacity increase by adding resources?

Security Who may produce, read, change, or delete the data?

Cost What storage, compute, network, and operational resources are required?

Advantages
• Supports systematic handling of large and continuously changing workloads.

• Makes complex data-processing responsibilities easier to divide and manage.

• Allows systems to scale when the workload grows.

• Can improve reliability when buffering, replication, retry, or recovery mechanisms are designed correctly.

Limitations and common mistakes
• Adding distributed components can increase operational complexity.

• Poor partitioning or uneven workloads can create bottlenecks.

• More data does not automatically mean more useful information.

• Real-time processing may be unnecessary when batch processing is sufficient.

• A technically correct architecture can still fail if data quality and governance are ignored.

Classroom-to-industry connection
Real-time example: A university application portal may receive a sudden burst of document-processing requests near
a deadline. A queue can buffer uploaded documents while several workers validate, extract, and store them. Users
are separated from the processing rate of the backend. In a production environment, engineers would also monitor
throughput, latency, error rates, resource utilization, and data freshness. These operational measures tell the team
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whether the design is actually working under real workload conditions.

Key idea: A strong Big Data solution balances performance with simplicity. The best design is usually the simplest
architecture that satisfies the required scale, freshness, reliability, and analytical goals.
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Load Balancing with Multiple Consumers

A single consumer may become a throughput bottleneck. Multiple
consumers allow queued work to be processed in parallel. The
architecture typically looks like Queue → Consumer Group / Worker
Pool. Suppose one worker can process 100 jobs per minute. If the
jobs are independent, several workers can increase total
throughput. The system can add or remove workers according to
workload. The effectiveness depends on the nature of the work. If
tasks share a common state or must execute in strict order,
parallelism becomes more difficult. Independent image resizing
tasks are easier to distribute than a sequence of operations that
must occur in a fixed order.

1. Concept and foundation

Load balancing requires a strategy for distributing tasks. A queue can assign tasks dynamically as workers become
available. This naturally balances uneven job durations better than assigning fixed blocks. The system should also
consider worker health. A failed worker should not permanently hold tasks. Retries must be safe, especially when a
task can partially complete before failure. Consumers may also be grouped by function. For example, one group may
process fraud events while another processes analytics events. A single source stream can therefore feed different
processing paths.

Concept → Architecture need → Processing behavior → Analytical/business outcome

Scaling consumers introduces coordination and resource issues. Adding workers may increase CPU capacity but may
also overload storage, databases, network links, or downstream APIs. Scaling one layer without considering the rest
can simply move the bottleneck. A useful architecture monitors throughput, processing latency, queue depth, worker
utilization, error rate, and downstream saturation. The pattern works best when tasks are sufficiently independent and
can be partitioned across workers.

Real-time scenario
Real-time example: A media platform may receive large numbers of image and video transformation jobs. A worker
pool can process multiple jobs concurrently. If the queue grows during a traffic spike, more workers can be added,
provided storage and compute capacity are also sufficient.

Key idea: Understanding A single consumer may become a throughput bottleneck. Multiple consumers allow queued
work to be processed in parallel. The architecture typically looks like Queue → Consumer Group / Worker Pool.
Suppose one worker can process 100 jobs per minute. If the jobs are independent, several workers can increase total
throughput. The system can add or remove workers according to workload. The effectiveness depends on the nature
of the work. If tasks share a common state or must execute in strict order, parallelism becomes more difficult.
Independent image resizing tasks are easier to distribute than a sequence of operations that must occur in a fixed
order. requires connecting the definition to the problem it solves. In Big Data, the architectural choice should always
be justified by workload, scale, latency, reliability, and business purpose.
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A single consumer may become a throughput bottleneck. Multiple
consumers allow queued work to be processed in parallel. The
architecture typically looks like Queue → Consumer Group / Worker
Pool. Suppose one worker can process 100 jobs per minute. If the
jobs are independent, several workers can increase total
throughput. The system can add or remove workers according to
workload. The effectiveness depends on the nature of the work. If
tasks share a common state or must execute in strict order,
parallelism becomes more difficult. Independent image resizing
tasks are easier to distribute than a sequence of operations that
must occur in a fixed order. — Detailed Working

2. How the idea works in a real system

Scaling consumers introduces coordination and resource issues. Adding workers may increase CPU capacity but may
also overload storage, databases, network links, or downstream APIs. Scaling one layer without considering the rest
can simply move the bottleneck. A useful architecture monitors throughput, processing latency, queue depth, worker
utilization, error rate, and downstream saturation. The pattern works best when tasks are sufficiently independent and
can be partitioned across workers.

A useful way to analyze the topic is to identify the input, transformation or coordination step, output, and failure
conditions. This turns a definition into an operational model.

1 Identify the source of data or work.

2 Identify the component responsible for receiving or transforming it.

3 Determine where data is stored or buffered when necessary.

4 Identify how the system scales when workload increases.

5 Identify what happens when a component fails.

6 Identify how the result is consumed by analytics, users, or downstream applications.

Heavy-data scenario
Real-time example: A media platform may receive large numbers of image and video transformation jobs. A worker
pool can process multiple jobs concurrently. If the queue grows during a traffic spike, more workers can be added,
provided storage and compute capacity are also sufficient. At larger scale, the same activity can involve many
producers, partitions, workers, storage nodes, and downstream consumers. The design must prevent a single
component from becoming a permanent bottleneck.

Key idea: The most important design question is not “Which tool is used?” but “What responsibility does this
component perform, and why is that responsibility needed at this scale?”
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A single consumer may become a throughput bottleneck. Multiple
consumers allow queued work to be processed in parallel. The
architecture typically looks like Queue → Consumer Group / Worker
Pool. Suppose one worker can process 100 jobs per minute. If the
jobs are independent, several workers can increase total
throughput. The system can add or remove workers according to
workload. The effectiveness depends on the nature of the work. If
tasks share a common state or must execute in strict order,
parallelism becomes more difficult. Independent image resizing
tasks are easier to distribute than a sequence of operations that
must occur in a fixed order. — Design, Benefits and Limitations

3. Practical design discussion

When a Big Data system is designed, technical correctness is only one requirement. The architecture should also be
operationally manageable. Teams need to understand capacity, latency, failure recovery, data quality, security, cost,
and monitoring.

Design aspect Questions to ask

Scale How much data or work arrives? What is the peak rate?

Latency How quickly must the result be available?

Reliability What happens if a node, network link, or consumer fails?

Data quality How are duplicates, missing values, invalid records, and schema changes handled?

Scalability Can capacity increase by adding resources?

Security Who may produce, read, change, or delete the data?

Cost What storage, compute, network, and operational resources are required?

Advantages
• Supports systematic handling of large and continuously changing workloads.

• Makes complex data-processing responsibilities easier to divide and manage.

• Allows systems to scale when the workload grows.

• Can improve reliability when buffering, replication, retry, or recovery mechanisms are designed correctly.

Limitations and common mistakes
• Adding distributed components can increase operational complexity.

• Poor partitioning or uneven workloads can create bottlenecks.

• More data does not automatically mean more useful information.

• Real-time processing may be unnecessary when batch processing is sufficient.

• A technically correct architecture can still fail if data quality and governance are ignored.

Classroom-to-industry connection
Real-time example: A media platform may receive large numbers of image and video transformation jobs. A worker
pool can process multiple jobs concurrently. If the queue grows during a traffic spike, more workers can be added,
provided storage and compute capacity are also sufficient. In a production environment, engineers would also monitor
throughput, latency, error rates, resource utilization, and data freshness. These operational measures tell the team
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whether the design is actually working under real workload conditions.

Key idea: A strong Big Data solution balances performance with simplicity. The best design is usually the simplest
architecture that satisfies the required scale, freshness, reliability, and analytical goals.
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Leader Election

Leader election is a distributed-systems pattern for selecting one
node to perform a coordination role. Instead of every node
independently performing the same coordination task, one node
becomes leader while other nodes act as followers or standby
participants. Leadership can be used for scheduling, coordination,
metadata management, or other tasks that should have a single
active coordinator. The key challenge is failure. A leader can crash,
become unreachable, or lose its ability to communicate with other
nodes. The system must detect the failure and safely select a
replacement.

1. Concept and foundation

A leader-election mechanism needs a way for nodes to identify one another, determine whether a leader is active, and
establish who has the right to act as leader. Common approaches use leases, heartbeats, epochs, or
consensus-related mechanisms. The danger is split-brain behavior, where two nodes both believe they are leader. If
both modify shared state, the system can become inconsistent. Therefore, leadership should be associated with a
clear term or authority that downstream components can verify. Leader election is not simply “choose the fastest
server.” It is a coordination problem in the presence of failures and network uncertainty.

Concept → Architecture need → Processing behavior → Analytical/business outcome

Leader election improves availability because the system can continue after a leader failure. However, the election
process itself introduces complexity and may temporarily interrupt coordination. The pattern is particularly useful when
the system needs one logical coordinator but does not want a single permanent point of failure. A cluster can have
multiple eligible nodes and dynamically choose the active one. The architecture must define what happens during
network partitions, delayed messages, and stale leadership information.

Real-time scenario
Real-time example: A distributed job system may have several scheduler nodes. Only one should assign certain
global jobs at a time. If the active scheduler fails, the remaining nodes can elect a new leader and resume
coordination.

Key idea: Understanding Leader election is a distributed-systems pattern for selecting one node to perform a
coordination role. Instead of every node independently performing the same coordination task, one node becomes
leader while other nodes act as followers or standby participants. Leadership can be used for scheduling,
coordination, metadata management, or other tasks that should have a single active coordinator. The key challenge is
failure. A leader can crash, become unreachable, or lose its ability to communicate with other nodes. The system
must detect the failure and safely select a replacement. requires connecting the definition to the problem it solves. In
Big Data, the architectural choice should always be justified by workload, scale, latency, reliability, and business
purpose.
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Leader election is a distributed-systems pattern for selecting one
node to perform a coordination role. Instead of every node
independently performing the same coordination task, one node
becomes leader while other nodes act as followers or standby
participants. Leadership can be used for scheduling, coordination,
metadata management, or other tasks that should have a single
active coordinator. The key challenge is failure. A leader can crash,
become unreachable, or lose its ability to communicate with other
nodes. The system must detect the failure and safely select a
replacement. — Detailed Working

2. How the idea works in a real system

Leader election improves availability because the system can continue after a leader failure. However, the election
process itself introduces complexity and may temporarily interrupt coordination. The pattern is particularly useful when
the system needs one logical coordinator but does not want a single permanent point of failure. A cluster can have
multiple eligible nodes and dynamically choose the active one. The architecture must define what happens during
network partitions, delayed messages, and stale leadership information.

A useful way to analyze the topic is to identify the input, transformation or coordination step, output, and failure
conditions. This turns a definition into an operational model.

1 Identify the source of data or work.

2 Identify the component responsible for receiving or transforming it.

3 Determine where data is stored or buffered when necessary.

4 Identify how the system scales when workload increases.

5 Identify what happens when a component fails.

6 Identify how the result is consumed by analytics, users, or downstream applications.

Heavy-data scenario
Real-time example: A distributed job system may have several scheduler nodes. Only one should assign certain
global jobs at a time. If the active scheduler fails, the remaining nodes can elect a new leader and resume
coordination. At larger scale, the same activity can involve many producers, partitions, workers, storage nodes, and
downstream consumers. The design must prevent a single component from becoming a permanent bottleneck.

Key idea: The most important design question is not “Which tool is used?” but “What responsibility does this
component perform, and why is that responsibility needed at this scale?”
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Leader election is a distributed-systems pattern for selecting one
node to perform a coordination role. Instead of every node
independently performing the same coordination task, one node
becomes leader while other nodes act as followers or standby
participants. Leadership can be used for scheduling, coordination,
metadata management, or other tasks that should have a single
active coordinator. The key challenge is failure. A leader can crash,
become unreachable, or lose its ability to communicate with other
nodes. The system must detect the failure and safely select a
replacement. — Design, Benefits and Limitations

3. Practical design discussion

When a Big Data system is designed, technical correctness is only one requirement. The architecture should also be
operationally manageable. Teams need to understand capacity, latency, failure recovery, data quality, security, cost,
and monitoring.

Design aspect Questions to ask

Scale How much data or work arrives? What is the peak rate?

Latency How quickly must the result be available?

Reliability What happens if a node, network link, or consumer fails?

Data quality How are duplicates, missing values, invalid records, and schema changes handled?

Scalability Can capacity increase by adding resources?

Security Who may produce, read, change, or delete the data?

Cost What storage, compute, network, and operational resources are required?

Advantages
• Supports systematic handling of large and continuously changing workloads.

• Makes complex data-processing responsibilities easier to divide and manage.

• Allows systems to scale when the workload grows.

• Can improve reliability when buffering, replication, retry, or recovery mechanisms are designed correctly.

Limitations and common mistakes
• Adding distributed components can increase operational complexity.

• Poor partitioning or uneven workloads can create bottlenecks.

• More data does not automatically mean more useful information.

• Real-time processing may be unnecessary when batch processing is sufficient.

• A technically correct architecture can still fail if data quality and governance are ignored.

Classroom-to-industry connection
Real-time example: A distributed job system may have several scheduler nodes. Only one should assign certain
global jobs at a time. If the active scheduler fails, the remaining nodes can elect a new leader and resume
coordination. In a production environment, engineers would also monitor throughput, latency, error rates, resource
utilization, and data freshness. These operational measures tell the team whether the design is actually working under
real workload conditions.
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Key idea: A strong Big Data solution balances performance with simplicity. The best design is usually the simplest
architecture that satisfies the required scale, freshness, reliability, and analytical goals.
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Sharding

Sharding is horizontal partitioning: a large dataset is divided into
smaller pieces and distributed across multiple machines. Each
piece is called a shard. The primary reason for sharding is scale. A
single database server may become limited by storage capacity,
CPU, memory, I/O, or query throughput. Dividing the data allows the
workload to be spread across several servers. A sharding key
determines where a record belongs. Examples include customer ID,
tenant ID, geographic region, or a hashed identifier.

1. Concept and foundation

A good shard key distributes data evenly and supports common access patterns. A poor key can create a “hot shard”
that receives far more traffic than other shards. There are different strategies. Range-based sharding divides values
into ranges. Hash-based sharding uses a hash function to distribute records. Directory-based approaches use a
mapping layer to determine the destination. Sharding also affects queries. A query that can be answered by one shard
is often easier than a query that must contact many shards and combine results.

Concept → Architecture need → Processing behavior → Analytical/business outcome

Rebalancing is a major operational concern. As data grows, some shards may become larger or busier than others.
Moving data between shards must be performed carefully so that availability and correctness are maintained.
Sharding also interacts with replication, consistency, backups, and transactions. A distributed transaction across many
shards can be more complicated than a local transaction. Therefore, sharding is not just “split the table.” It is a
complete distribution strategy that affects application routing and system operations.

Real-time scenario
Real-time example: A multi-region service may partition customer records by tenant or hashed customer ID. Requests
can be routed to the shard containing the required record. The approach supports horizontal scaling but requires
careful handling of shard growth and cross-shard queries.

Key idea: Understanding Sharding is horizontal partitioning: a large dataset is divided into smaller pieces and
distributed across multiple machines. Each piece is called a shard. The primary reason for sharding is scale. A single
database server may become limited by storage capacity, CPU, memory, I/O, or query throughput. Dividing the data
allows the workload to be spread across several servers. A sharding key determines where a record belongs.
Examples include customer ID, tenant ID, geographic region, or a hashed identifier. requires connecting the definition
to the problem it solves. In Big Data, the architectural choice should always be justified by workload, scale, latency,
reliability, and business purpose.
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Sharding is horizontal partitioning: a large dataset is divided into
smaller pieces and distributed across multiple machines. Each
piece is called a shard. The primary reason for sharding is scale. A
single database server may become limited by storage capacity,
CPU, memory, I/O, or query throughput. Dividing the data allows the
workload to be spread across several servers. A sharding key
determines where a record belongs. Examples include customer ID,
tenant ID, geographic region, or a hashed identifier. — Detailed
Working

2. How the idea works in a real system

Rebalancing is a major operational concern. As data grows, some shards may become larger or busier than others.
Moving data between shards must be performed carefully so that availability and correctness are maintained.
Sharding also interacts with replication, consistency, backups, and transactions. A distributed transaction across many
shards can be more complicated than a local transaction. Therefore, sharding is not just “split the table.” It is a
complete distribution strategy that affects application routing and system operations.

A useful way to analyze the topic is to identify the input, transformation or coordination step, output, and failure
conditions. This turns a definition into an operational model.

1 Identify the source of data or work.

2 Identify the component responsible for receiving or transforming it.

3 Determine where data is stored or buffered when necessary.

4 Identify how the system scales when workload increases.

5 Identify what happens when a component fails.

6 Identify how the result is consumed by analytics, users, or downstream applications.

Heavy-data scenario
Real-time example: A multi-region service may partition customer records by tenant or hashed customer ID. Requests
can be routed to the shard containing the required record. The approach supports horizontal scaling but requires
careful handling of shard growth and cross-shard queries. At larger scale, the same activity can involve many
producers, partitions, workers, storage nodes, and downstream consumers. The design must prevent a single
component from becoming a permanent bottleneck.

Key idea: The most important design question is not “Which tool is used?” but “What responsibility does this
component perform, and why is that responsibility needed at this scale?”
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Sharding is horizontal partitioning: a large dataset is divided into
smaller pieces and distributed across multiple machines. Each
piece is called a shard. The primary reason for sharding is scale. A
single database server may become limited by storage capacity,
CPU, memory, I/O, or query throughput. Dividing the data allows the
workload to be spread across several servers. A sharding key
determines where a record belongs. Examples include customer ID,
tenant ID, geographic region, or a hashed identifier. — Design,
Benefits and Limitations

3. Practical design discussion

When a Big Data system is designed, technical correctness is only one requirement. The architecture should also be
operationally manageable. Teams need to understand capacity, latency, failure recovery, data quality, security, cost,
and monitoring.

Design aspect Questions to ask

Scale How much data or work arrives? What is the peak rate?

Latency How quickly must the result be available?

Reliability What happens if a node, network link, or consumer fails?

Data quality How are duplicates, missing values, invalid records, and schema changes handled?

Scalability Can capacity increase by adding resources?

Security Who may produce, read, change, or delete the data?

Cost What storage, compute, network, and operational resources are required?

Advantages
• Supports systematic handling of large and continuously changing workloads.

• Makes complex data-processing responsibilities easier to divide and manage.

• Allows systems to scale when the workload grows.

• Can improve reliability when buffering, replication, retry, or recovery mechanisms are designed correctly.

Limitations and common mistakes
• Adding distributed components can increase operational complexity.

• Poor partitioning or uneven workloads can create bottlenecks.

• More data does not automatically mean more useful information.

• Real-time processing may be unnecessary when batch processing is sufficient.

• A technically correct architecture can still fail if data quality and governance are ignored.

Classroom-to-industry connection
Real-time example: A multi-region service may partition customer records by tenant or hashed customer ID. Requests
can be routed to the shard containing the required record. The approach supports horizontal scaling but requires
careful handling of shard growth and cross-shard queries. In a production environment, engineers would also monitor
throughput, latency, error rates, resource utilization, and data freshness. These operational measures tell the team
whether the design is actually working under real workload conditions.

Key idea: A strong Big Data solution balances performance with simplicity. The best design is usually the simplest
architecture that satisfies the required scale, freshness, reliability, and analytical goals.
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CAP Theorem

CAP refers to Consistency, Availability, and Partition Tolerance in
distributed systems. The theorem is best understood as a statement
about trade-offs when a network partition prevents nodes from
communicating reliably. Consistency means that the system follows
a defined consistency guarantee for reads and writes. Availability
means that requests receive a response according to the system's
availability behavior. Partition tolerance means the system
continues operating despite communication failures between parts
of the distributed system. Because network partitions can occur in
distributed environments, designers must decide how the system
behaves during those failures.

1. Concept and foundation

Consider two server groups that cannot communicate. If both continue accepting writes, they may develop conflicting
states. A design can instead restrict some operations until communication is restored, prioritizing consistency over
availability for that scenario. The important lesson is not to label an entire system simply “CA,” “CP,” or “AP” without
context. Different components and operations can have different guarantees, and modern systems often provide
tunable or eventual consistency models. Consistency itself is not always binary. A system can offer stronger or weaker
guarantees depending on the use case.

Concept → Architecture need → Processing behavior → Analytical/business outcome

CAP decisions are business decisions as well as technical decisions. A financial operation may require stronger
consistency for certain records. A social feed may tolerate temporary differences between replicas if the system
remains responsive. The architecture should define what users are promised. It should also specify behavior during
failures, recovery procedures, and how conflicting or delayed data is handled. CAP is therefore a way to reason about
distributed trade-offs, not a product-selection formula.

Real-time scenario
Real-time example: Imagine a service with two regional servers that temporarily lose communication. If both regions
continue accepting account updates, the system must later reconcile conflicting changes. If the application instead
pauses certain writes, it may preserve stronger consistency at the cost of availability during the partition.

Key idea: Understanding CAP refers to Consistency, Availability, and Partition Tolerance in distributed systems. The
theorem is best understood as a statement about trade-offs when a network partition prevents nodes from
communicating reliably. Consistency means that the system follows a defined consistency guarantee for reads and
writes. Availability means that requests receive a response according to the system's availability behavior. Partition
tolerance means the system continues operating despite communication failures between parts of the distributed
system. Because network partitions can occur in distributed environments, designers must decide how the system
behaves during those failures. requires connecting the definition to the problem it solves. In Big Data, the architectural
choice should always be justified by workload, scale, latency, reliability, and business purpose.
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CAP refers to Consistency, Availability, and Partition Tolerance in
distributed systems. The theorem is best understood as a statement
about trade-offs when a network partition prevents nodes from
communicating reliably. Consistency means that the system follows
a defined consistency guarantee for reads and writes. Availability
means that requests receive a response according to the system's
availability behavior. Partition tolerance means the system
continues operating despite communication failures between parts
of the distributed system. Because network partitions can occur in
distributed environments, designers must decide how the system
behaves during those failures. — Detailed Working

2. How the idea works in a real system

CAP decisions are business decisions as well as technical decisions. A financial operation may require stronger
consistency for certain records. A social feed may tolerate temporary differences between replicas if the system
remains responsive. The architecture should define what users are promised. It should also specify behavior during
failures, recovery procedures, and how conflicting or delayed data is handled. CAP is therefore a way to reason about
distributed trade-offs, not a product-selection formula.

A useful way to analyze the topic is to identify the input, transformation or coordination step, output, and failure
conditions. This turns a definition into an operational model.

1 Identify the source of data or work.

2 Identify the component responsible for receiving or transforming it.

3 Determine where data is stored or buffered when necessary.

4 Identify how the system scales when workload increases.

5 Identify what happens when a component fails.

6 Identify how the result is consumed by analytics, users, or downstream applications.

Heavy-data scenario
Real-time example: Imagine a service with two regional servers that temporarily lose communication. If both regions
continue accepting account updates, the system must later reconcile conflicting changes. If the application instead
pauses certain writes, it may preserve stronger consistency at the cost of availability during the partition. At larger
scale, the same activity can involve many producers, partitions, workers, storage nodes, and downstream consumers.
The design must prevent a single component from becoming a permanent bottleneck.

Key idea: The most important design question is not “Which tool is used?” but “What responsibility does this
component perform, and why is that responsibility needed at this scale?”
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CAP refers to Consistency, Availability, and Partition Tolerance in
distributed systems. The theorem is best understood as a statement
about trade-offs when a network partition prevents nodes from
communicating reliably. Consistency means that the system follows
a defined consistency guarantee for reads and writes. Availability
means that requests receive a response according to the system's
availability behavior. Partition tolerance means the system
continues operating despite communication failures between parts
of the distributed system. Because network partitions can occur in
distributed environments, designers must decide how the system
behaves during those failures. — Design, Benefits and Limitations

3. Practical design discussion

When a Big Data system is designed, technical correctness is only one requirement. The architecture should also be
operationally manageable. Teams need to understand capacity, latency, failure recovery, data quality, security, cost,
and monitoring.

Design aspect Questions to ask

Scale How much data or work arrives? What is the peak rate?

Latency How quickly must the result be available?

Reliability What happens if a node, network link, or consumer fails?

Data quality How are duplicates, missing values, invalid records, and schema changes handled?

Scalability Can capacity increase by adding resources?

Security Who may produce, read, change, or delete the data?

Cost What storage, compute, network, and operational resources are required?

Advantages
• Supports systematic handling of large and continuously changing workloads.

• Makes complex data-processing responsibilities easier to divide and manage.

• Allows systems to scale when the workload grows.

• Can improve reliability when buffering, replication, retry, or recovery mechanisms are designed correctly.

Limitations and common mistakes
• Adding distributed components can increase operational complexity.

• Poor partitioning or uneven workloads can create bottlenecks.

• More data does not automatically mean more useful information.

• Real-time processing may be unnecessary when batch processing is sufficient.

• A technically correct architecture can still fail if data quality and governance are ignored.

Classroom-to-industry connection
Real-time example: Imagine a service with two regional servers that temporarily lose communication. If both regions
continue accepting account updates, the system must later reconcile conflicting changes. If the application instead
pauses certain writes, it may preserve stronger consistency at the cost of availability during the partition. In a
production environment, engineers would also monitor throughput, latency, error rates, resource utilization, and data
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freshness. These operational measures tell the team whether the design is actually working under real workload
conditions.

Key idea: A strong Big Data solution balances performance with simplicity. The best design is usually the simplest
architecture that satisfies the required scale, freshness, reliability, and analytical goals.
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Lambda Architecture

Lambda Architecture is a design approach that combines batch
processing with fast processing of recent data. The goal is to
provide both comprehensive historical computation and low-latency
results. The classic conceptual layers are the batch layer, speed
layer, and serving layer. The batch layer stores and processes a
large historical dataset. It can recalculate results from a broad time
range and correct previous computations. The speed layer
processes recent events quickly so that users do not have to wait
for the next batch computation.

1. Concept and foundation

The serving layer exposes results to applications and users. In a conceptual Lambda design, a query may combine a
long-term result from the batch layer with a recent result from the speed layer. This architecture addresses a common
problem: batch processing is comprehensive but slow, while stream processing is fresh but may have limited context
or require more complex state management. The trade-off is complexity. The same business logic may need to exist
in both batch and speed paths, which can increase maintenance effort and create consistency challenges.

Concept → Architecture need → Processing behavior → Analytical/business outcome

A useful example is customer activity. The batch layer may calculate long-term purchase frequency, product
preferences, and historical spending. The speed layer may capture the customer's latest clicks and cart activity. The
serving layer can combine the two views to provide a current customer profile. Lambda Architecture should be
understood as a pattern rather than a mandatory architecture for every Big Data system. Some modern systems use
other approaches that simplify batch and streaming into a unified processing model.

Real-time scenario
Real-time example: A retailer may use historical batch computation for demand patterns and a streaming layer for
today's sales events. The combination allows dashboards and applications to use both stable historical insight and
fresh activity.

Key idea: Understanding Lambda Architecture is a design approach that combines batch processing with fast
processing of recent data. The goal is to provide both comprehensive historical computation and low-latency results.
The classic conceptual layers are the batch layer, speed layer, and serving layer. The batch layer stores and
processes a large historical dataset. It can recalculate results from a broad time range and correct previous
computations. The speed layer processes recent events quickly so that users do not have to wait for the next batch
computation. requires connecting the definition to the problem it solves. In Big Data, the architectural choice should
always be justified by workload, scale, latency, reliability, and business purpose.
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Lambda Architecture is a design approach that combines batch
processing with fast processing of recent data. The goal is to
provide both comprehensive historical computation and low-latency
results. The classic conceptual layers are the batch layer, speed
layer, and serving layer. The batch layer stores and processes a
large historical dataset. It can recalculate results from a broad time
range and correct previous computations. The speed layer
processes recent events quickly so that users do not have to wait
for the next batch computation. — Detailed Working

2. How the idea works in a real system

A useful example is customer activity. The batch layer may calculate long-term purchase frequency, product
preferences, and historical spending. The speed layer may capture the customer's latest clicks and cart activity. The
serving layer can combine the two views to provide a current customer profile. Lambda Architecture should be
understood as a pattern rather than a mandatory architecture for every Big Data system. Some modern systems use
other approaches that simplify batch and streaming into a unified processing model.

A useful way to analyze the topic is to identify the input, transformation or coordination step, output, and failure
conditions. This turns a definition into an operational model.

1 Identify the source of data or work.

2 Identify the component responsible for receiving or transforming it.

3 Determine where data is stored or buffered when necessary.

4 Identify how the system scales when workload increases.

5 Identify what happens when a component fails.

6 Identify how the result is consumed by analytics, users, or downstream applications.

Heavy-data scenario
Real-time example: A retailer may use historical batch computation for demand patterns and a streaming layer for
today's sales events. The combination allows dashboards and applications to use both stable historical insight and
fresh activity. At larger scale, the same activity can involve many producers, partitions, workers, storage nodes, and
downstream consumers. The design must prevent a single component from becoming a permanent bottleneck.

Key idea: The most important design question is not “Which tool is used?” but “What responsibility does this
component perform, and why is that responsibility needed at this scale?”
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Lambda Architecture is a design approach that combines batch
processing with fast processing of recent data. The goal is to
provide both comprehensive historical computation and low-latency
results. The classic conceptual layers are the batch layer, speed
layer, and serving layer. The batch layer stores and processes a
large historical dataset. It can recalculate results from a broad time
range and correct previous computations. The speed layer
processes recent events quickly so that users do not have to wait
for the next batch computation. — Design, Benefits and Limitations

3. Practical design discussion

When a Big Data system is designed, technical correctness is only one requirement. The architecture should also be
operationally manageable. Teams need to understand capacity, latency, failure recovery, data quality, security, cost,
and monitoring.

Design aspect Questions to ask

Scale How much data or work arrives? What is the peak rate?

Latency How quickly must the result be available?

Reliability What happens if a node, network link, or consumer fails?

Data quality How are duplicates, missing values, invalid records, and schema changes handled?

Scalability Can capacity increase by adding resources?

Security Who may produce, read, change, or delete the data?

Cost What storage, compute, network, and operational resources are required?

Advantages
• Supports systematic handling of large and continuously changing workloads.

• Makes complex data-processing responsibilities easier to divide and manage.

• Allows systems to scale when the workload grows.

• Can improve reliability when buffering, replication, retry, or recovery mechanisms are designed correctly.

Limitations and common mistakes
• Adding distributed components can increase operational complexity.

• Poor partitioning or uneven workloads can create bottlenecks.

• More data does not automatically mean more useful information.

• Real-time processing may be unnecessary when batch processing is sufficient.

• A technically correct architecture can still fail if data quality and governance are ignored.

Classroom-to-industry connection
Real-time example: A retailer may use historical batch computation for demand patterns and a streaming layer for
today's sales events. The combination allows dashboards and applications to use both stable historical insight and
fresh activity. In a production environment, engineers would also monitor throughput, latency, error rates, resource
utilization, and data freshness. These operational measures tell the team whether the design is actually working under
real workload conditions.

Key idea: A strong Big Data solution balances performance with simplicity. The best design is usually the simplest
architecture that satisfies the required scale, freshness, reliability, and analytical goals.
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Scheduler–Agent–Supervisor

The Scheduler–Agent–Supervisor pattern separates three
responsibilities in a workflow system. The Scheduler determines
which work should run and when. It may use time schedules,
dependencies, priorities, or resource constraints. The Agent
executes the assigned work. An agent may run a data extraction
task, transformation job, model calculation, or other operation. The
Supervisor monitors execution and reacts to failures, timeouts,
abnormal behavior, or completion.

1. Concept and foundation

The separation creates clearer responsibilities. A scheduler does not need to perform the work itself. An agent does
not have to decide the entire global schedule. A supervisor can focus on health and recovery. For example, a nightly
data pipeline may have several dependent tasks: collect data, validate it, transform it, aggregate it, and publish a
report. The scheduler determines the order. Agents execute tasks. Supervisory components detect failures and initiate
retries or alerts.

Concept → Architecture need → Processing behavior → Analytical/business outcome

Failure handling is central to the pattern. A task may fail because of a network problem, malformed input, unavailable
storage, or application error. The supervisor needs enough information to distinguish temporary failures from
permanent ones. Retries must be designed carefully. Repeating a task that creates duplicate records can make the
problem worse. Idempotent operations, checkpoints, and unique event identifiers can make retries safer. The pattern
is useful for long-running analytics pipelines where observability and recovery are as important as computation.

Real-time scenario
Real-time example: A daily analytics workflow extracts transaction data, validates it, calculates aggregates, and
updates a dashboard. The scheduler starts each stage, agents perform the work, and the supervisor detects failures
and alerts operators or retries recoverable tasks.

Key idea: Understanding The Scheduler–Agent–Supervisor pattern separates three responsibilities in a workflow
system. The Scheduler determines which work should run and when. It may use time schedules, dependencies,
priorities, or resource constraints. The Agent executes the assigned work. An agent may run a data extraction task,
transformation job, model calculation, or other operation. The Supervisor monitors execution and reacts to failures,
timeouts, abnormal behavior, or completion. requires connecting the definition to the problem it solves. In Big Data,
the architectural choice should always be justified by workload, scale, latency, reliability, and business purpose.
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The Scheduler–Agent–Supervisor pattern separates three
responsibilities in a workflow system. The Scheduler determines
which work should run and when. It may use time schedules,
dependencies, priorities, or resource constraints. The Agent
executes the assigned work. An agent may run a data extraction
task, transformation job, model calculation, or other operation. The
Supervisor monitors execution and reacts to failures, timeouts,
abnormal behavior, or completion. — Detailed Working

2. How the idea works in a real system

Failure handling is central to the pattern. A task may fail because of a network problem, malformed input, unavailable
storage, or application error. The supervisor needs enough information to distinguish temporary failures from
permanent ones. Retries must be designed carefully. Repeating a task that creates duplicate records can make the
problem worse. Idempotent operations, checkpoints, and unique event identifiers can make retries safer. The pattern
is useful for long-running analytics pipelines where observability and recovery are as important as computation.

A useful way to analyze the topic is to identify the input, transformation or coordination step, output, and failure
conditions. This turns a definition into an operational model.

1 Identify the source of data or work.

2 Identify the component responsible for receiving or transforming it.

3 Determine where data is stored or buffered when necessary.

4 Identify how the system scales when workload increases.

5 Identify what happens when a component fails.

6 Identify how the result is consumed by analytics, users, or downstream applications.

Heavy-data scenario
Real-time example: A daily analytics workflow extracts transaction data, validates it, calculates aggregates, and
updates a dashboard. The scheduler starts each stage, agents perform the work, and the supervisor detects failures
and alerts operators or retries recoverable tasks. At larger scale, the same activity can involve many producers,
partitions, workers, storage nodes, and downstream consumers. The design must prevent a single component from
becoming a permanent bottleneck.

Key idea: The most important design question is not “Which tool is used?” but “What responsibility does this
component perform, and why is that responsibility needed at this scale?”
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The Scheduler–Agent–Supervisor pattern separates three
responsibilities in a workflow system. The Scheduler determines
which work should run and when. It may use time schedules,
dependencies, priorities, or resource constraints. The Agent
executes the assigned work. An agent may run a data extraction
task, transformation job, model calculation, or other operation. The
Supervisor monitors execution and reacts to failures, timeouts,
abnormal behavior, or completion. — Design, Benefits and
Limitations

3. Practical design discussion

When a Big Data system is designed, technical correctness is only one requirement. The architecture should also be
operationally manageable. Teams need to understand capacity, latency, failure recovery, data quality, security, cost,
and monitoring.

Design aspect Questions to ask

Scale How much data or work arrives? What is the peak rate?

Latency How quickly must the result be available?

Reliability What happens if a node, network link, or consumer fails?

Data quality How are duplicates, missing values, invalid records, and schema changes handled?

Scalability Can capacity increase by adding resources?

Security Who may produce, read, change, or delete the data?

Cost What storage, compute, network, and operational resources are required?

Advantages
• Supports systematic handling of large and continuously changing workloads.

• Makes complex data-processing responsibilities easier to divide and manage.

• Allows systems to scale when the workload grows.

• Can improve reliability when buffering, replication, retry, or recovery mechanisms are designed correctly.

Limitations and common mistakes
• Adding distributed components can increase operational complexity.

• Poor partitioning or uneven workloads can create bottlenecks.

• More data does not automatically mean more useful information.

• Real-time processing may be unnecessary when batch processing is sufficient.

• A technically correct architecture can still fail if data quality and governance are ignored.

Classroom-to-industry connection
Real-time example: A daily analytics workflow extracts transaction data, validates it, calculates aggregates, and
updates a dashboard. The scheduler starts each stage, agents perform the work, and the supervisor detects failures
and alerts operators or retries recoverable tasks. In a production environment, engineers would also monitor
throughput, latency, error rates, resource utilization, and data freshness. These operational measures tell the team
whether the design is actually working under real workload conditions.

Key idea: A strong Big Data solution balances performance with simplicity. The best design is usually the simplest
architecture that satisfies the required scale, freshness, reliability, and analytical goals.
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Pipes and Filters

Pipes and Filters is a processing pattern in which a large
transformation is divided into independent stages. Each filter
performs a specific operation, and a pipe carries output from one
filter to the next. A typical flow is Input → Filter A → Filter B → Filter
C → Output. The pattern is useful because each stage has a focused
responsibility. A data-cleaning pipeline might remove duplicates,
validate fields, standardize formats, enrich records, and aggregate
results in separate filters.

1. Concept and foundation

Pipes and Filters encourage modularity. A filter can be tested independently, replaced, reused, or scaled according to
its workload. The pattern also makes the data flow easier to reason about. Each stage has an input contract and an
output contract. When a problem occurs, engineers can identify which stage produced the unexpected result.
However, the pattern introduces intermediate communication. If every stage writes large datasets to slow storage, the
pipeline may become inefficient. Streaming or in-memory communication can reduce some overhead when
appropriate.

Concept → Architecture need → Processing behavior → Analytical/business outcome

Filters should ideally avoid hidden dependencies. If Filter C unexpectedly relies on a side effect created by Filter A,
the pipeline becomes harder to maintain. Error handling should also be defined. A malformed record may be rejected,
quarantined, corrected, or allowed through with a warning. The decision depends on the application. The pattern is
especially valuable for ETL/ELT workflows, log processing, text processing, media processing, and other
transformations that naturally break into stages.

Real-time scenario
Real-time example: A log pipeline can parse raw messages, remove sensitive fields, normalize timestamps, identify
severity, enrich records with service metadata, and finally aggregate errors. Each step can be implemented as a filter.

Key idea: Understanding Pipes and Filters is a processing pattern in which a large transformation is divided into
independent stages. Each filter performs a specific operation, and a pipe carries output from one filter to the next. A
typical flow is Input → Filter A → Filter B → Filter C → Output. The pattern is useful because each stage has a
focused responsibility. A data-cleaning pipeline might remove duplicates, validate fields, standardize formats, enrich
records, and aggregate results in separate filters. requires connecting the definition to the problem it solves. In Big
Data, the architectural choice should always be justified by workload, scale, latency, reliability, and business purpose.
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Pipes and Filters is a processing pattern in which a large
transformation is divided into independent stages. Each filter
performs a specific operation, and a pipe carries output from one
filter to the next. A typical flow is Input → Filter A → Filter B → Filter
C → Output. The pattern is useful because each stage has a focused
responsibility. A data-cleaning pipeline might remove duplicates,
validate fields, standardize formats, enrich records, and aggregate
results in separate filters. — Detailed Working

2. How the idea works in a real system

Filters should ideally avoid hidden dependencies. If Filter C unexpectedly relies on a side effect created by Filter A,
the pipeline becomes harder to maintain. Error handling should also be defined. A malformed record may be rejected,
quarantined, corrected, or allowed through with a warning. The decision depends on the application. The pattern is
especially valuable for ETL/ELT workflows, log processing, text processing, media processing, and other
transformations that naturally break into stages.

A useful way to analyze the topic is to identify the input, transformation or coordination step, output, and failure
conditions. This turns a definition into an operational model.

1 Identify the source of data or work.

2 Identify the component responsible for receiving or transforming it.

3 Determine where data is stored or buffered when necessary.

4 Identify how the system scales when workload increases.

5 Identify what happens when a component fails.

6 Identify how the result is consumed by analytics, users, or downstream applications.

Heavy-data scenario
Real-time example: A log pipeline can parse raw messages, remove sensitive fields, normalize timestamps, identify
severity, enrich records with service metadata, and finally aggregate errors. Each step can be implemented as a filter.
At larger scale, the same activity can involve many producers, partitions, workers, storage nodes, and downstream
consumers. The design must prevent a single component from becoming a permanent bottleneck.

Key idea: The most important design question is not “Which tool is used?” but “What responsibility does this
component perform, and why is that responsibility needed at this scale?”
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Pipes and Filters is a processing pattern in which a large
transformation is divided into independent stages. Each filter
performs a specific operation, and a pipe carries output from one
filter to the next. A typical flow is Input → Filter A → Filter B → Filter
C → Output. The pattern is useful because each stage has a focused
responsibility. A data-cleaning pipeline might remove duplicates,
validate fields, standardize formats, enrich records, and aggregate
results in separate filters. — Design, Benefits and Limitations

3. Practical design discussion

When a Big Data system is designed, technical correctness is only one requirement. The architecture should also be
operationally manageable. Teams need to understand capacity, latency, failure recovery, data quality, security, cost,
and monitoring.

Design aspect Questions to ask

Scale How much data or work arrives? What is the peak rate?

Latency How quickly must the result be available?

Reliability What happens if a node, network link, or consumer fails?

Data quality How are duplicates, missing values, invalid records, and schema changes handled?

Scalability Can capacity increase by adding resources?

Security Who may produce, read, change, or delete the data?

Cost What storage, compute, network, and operational resources are required?

Advantages
• Supports systematic handling of large and continuously changing workloads.

• Makes complex data-processing responsibilities easier to divide and manage.

• Allows systems to scale when the workload grows.

• Can improve reliability when buffering, replication, retry, or recovery mechanisms are designed correctly.

Limitations and common mistakes
• Adding distributed components can increase operational complexity.

• Poor partitioning or uneven workloads can create bottlenecks.

• More data does not automatically mean more useful information.

• Real-time processing may be unnecessary when batch processing is sufficient.

• A technically correct architecture can still fail if data quality and governance are ignored.

Classroom-to-industry connection
Real-time example: A log pipeline can parse raw messages, remove sensitive fields, normalize timestamps, identify
severity, enrich records with service metadata, and finally aggregate errors. Each step can be implemented as a filter.
In a production environment, engineers would also monitor throughput, latency, error rates, resource utilization, and
data freshness. These operational measures tell the team whether the design is actually working under real workload
conditions.

Key idea: A strong Big Data solution balances performance with simplicity. The best design is usually the simplest
architecture that satisfies the required scale, freshness, reliability, and analytical goals.



Big Data Analytics — Units I, II & III Page 69

MapReduce Patterns

MapReduce is a distributed processing model for large datasets. It
divides computation into stages that can be performed in parallel.
The Map phase reads input records and emits intermediate
key-value pairs. The Shuffle/Sort phase groups records with the
same key. The Reduce phase processes each group to produce a
final result. This model works well when a large problem can be
expressed as independent transformations followed by grouped
aggregation.

1. Concept and foundation

The classic word-count problem illustrates the model. For each word, Map emits (word, 1). Shuffle groups all values
belonging to the same word. Reduce sums the values. Other examples include counting events by category,
calculating totals by region, grouping log messages by error type, and building summaries from large collections. The
key advantage is parallelism. Many map tasks can process different input partitions at the same time. Reduce tasks
can also operate on different groups in parallel.

Concept → Architecture need → Processing behavior → Analytical/business outcome

MapReduce has a cost: intermediate data may need to move across the network during shuffle. Data skew can also
create an overloaded reducer if one key has an unusually large number of values. Good design therefore considers
partitioning, key distribution, combiners or local aggregation where available, and the size of intermediate results.
MapReduce also illustrates a general Big Data principle: divide a large computation into independent units, move data
only when necessary, and combine partial results efficiently.

Real-time scenario
Real-time example: A retailer can process billions of transaction events to calculate total sales by product category.
Map reads transaction records and emits category/value pairs. Shuffle groups categories. Reduce aggregates totals
for each category.

Key idea: Understanding MapReduce is a distributed processing model for large datasets. It divides computation into
stages that can be performed in parallel. The Map phase reads input records and emits intermediate key-value pairs.
The Shuffle/Sort phase groups records with the same key. The Reduce phase processes each group to produce a
final result. This model works well when a large problem can be expressed as independent transformations followed
by grouped aggregation. requires connecting the definition to the problem it solves. In Big Data, the architectural
choice should always be justified by workload, scale, latency, reliability, and business purpose.
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MapReduce is a distributed processing model for large datasets. It
divides computation into stages that can be performed in parallel.
The Map phase reads input records and emits intermediate
key-value pairs. The Shuffle/Sort phase groups records with the
same key. The Reduce phase processes each group to produce a
final result. This model works well when a large problem can be
expressed as independent transformations followed by grouped
aggregation. — Detailed Working

2. How the idea works in a real system

MapReduce has a cost: intermediate data may need to move across the network during shuffle. Data skew can also
create an overloaded reducer if one key has an unusually large number of values. Good design therefore considers
partitioning, key distribution, combiners or local aggregation where available, and the size of intermediate results.
MapReduce also illustrates a general Big Data principle: divide a large computation into independent units, move data
only when necessary, and combine partial results efficiently.

A useful way to analyze the topic is to identify the input, transformation or coordination step, output, and failure
conditions. This turns a definition into an operational model.

1 Identify the source of data or work.

2 Identify the component responsible for receiving or transforming it.

3 Determine where data is stored or buffered when necessary.

4 Identify how the system scales when workload increases.

5 Identify what happens when a component fails.

6 Identify how the result is consumed by analytics, users, or downstream applications.

Heavy-data scenario
Real-time example: A retailer can process billions of transaction events to calculate total sales by product category.
Map reads transaction records and emits category/value pairs. Shuffle groups categories. Reduce aggregates totals
for each category. At larger scale, the same activity can involve many producers, partitions, workers, storage nodes,
and downstream consumers. The design must prevent a single component from becoming a permanent bottleneck.

Key idea: The most important design question is not “Which tool is used?” but “What responsibility does this
component perform, and why is that responsibility needed at this scale?”
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MapReduce is a distributed processing model for large datasets. It
divides computation into stages that can be performed in parallel.
The Map phase reads input records and emits intermediate
key-value pairs. The Shuffle/Sort phase groups records with the
same key. The Reduce phase processes each group to produce a
final result. This model works well when a large problem can be
expressed as independent transformations followed by grouped
aggregation. — Design, Benefits and Limitations

3. Practical design discussion

When a Big Data system is designed, technical correctness is only one requirement. The architecture should also be
operationally manageable. Teams need to understand capacity, latency, failure recovery, data quality, security, cost,
and monitoring.

Design aspect Questions to ask

Scale How much data or work arrives? What is the peak rate?

Latency How quickly must the result be available?

Reliability What happens if a node, network link, or consumer fails?

Data quality How are duplicates, missing values, invalid records, and schema changes handled?

Scalability Can capacity increase by adding resources?

Security Who may produce, read, change, or delete the data?

Cost What storage, compute, network, and operational resources are required?

Advantages
• Supports systematic handling of large and continuously changing workloads.

• Makes complex data-processing responsibilities easier to divide and manage.

• Allows systems to scale when the workload grows.

• Can improve reliability when buffering, replication, retry, or recovery mechanisms are designed correctly.

Limitations and common mistakes
• Adding distributed components can increase operational complexity.

• Poor partitioning or uneven workloads can create bottlenecks.

• More data does not automatically mean more useful information.

• Real-time processing may be unnecessary when batch processing is sufficient.

• A technically correct architecture can still fail if data quality and governance are ignored.

Classroom-to-industry connection
Real-time example: A retailer can process billions of transaction events to calculate total sales by product category.
Map reads transaction records and emits category/value pairs. Shuffle groups categories. Reduce aggregates totals
for each category. In a production environment, engineers would also monitor throughput, latency, error rates,
resource utilization, and data freshness. These operational measures tell the team whether the design is actually
working under real workload conditions.

Key idea: A strong Big Data solution balances performance with simplicity. The best design is usually the simplest
architecture that satisfies the required scale, freshness, reliability, and analytical goals.
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Data Acquisition

Data acquisition is the process of obtaining data from source
systems and moving it into a platform where it can be stored,
processed, and analyzed. It is the gateway between operational
reality and analytical systems. Sources can be databases,
applications, web services, mobile apps, sensors, machines, logs,
files, social platforms, and external data providers. Acquisition may
happen through batch extraction, APIs, event streams, direct
database reads, file transfer, or device gateways. The acquisition
design should preserve useful context. Events often need
identifiers, timestamps, source information, event type, and schema
information. Without this context, downstream systems may not
know what a record means or when it occurred.

1. Concept and foundation

A modern collection pipeline often separates source systems from downstream processing. This protects the producer
from temporary consumer failures and allows several consumers to use the same event. For example, an
order-created event may be useful to inventory, payment, notification, analytics, and fraud services. A
publish-subscribe layer can distribute the event without requiring the order application to directly call every service.
Acquisition therefore has both data and architectural responsibilities: capture the right information and transport it
reliably.

Concept → Architecture need → Processing behavior → Analytical/business outcome

Data acquisition also creates governance responsibilities. Organizations need to know which source owns the data,
what the fields mean, how long data should be retained, and who can access it. Sensitive data should be protected
throughout the pipeline. Quality checks can occur at the boundary. Invalid messages may be rejected, quarantined, or
routed for correction. Schema validation helps prevent malformed data from silently entering downstream systems.

Real-time scenario
Real-time example: A connected vehicle system may generate location, speed, battery, and diagnostic events. An
acquisition layer collects those events, validates their format, buffers bursts, and sends them to analytics and
monitoring consumers.

Key idea: Understanding Data acquisition is the process of obtaining data from source systems and moving it into a
platform where it can be stored, processed, and analyzed. It is the gateway between operational reality and analytical
systems. Sources can be databases, applications, web services, mobile apps, sensors, machines, logs, files, social
platforms, and external data providers. Acquisition may happen through batch extraction, APIs, event streams, direct
database reads, file transfer, or device gateways. The acquisition design should preserve useful context. Events often
need identifiers, timestamps, source information, event type, and schema information. Without this context,
downstream systems may not know what a record means or when it occurred. requires connecting the definition to the
problem it solves. In Big Data, the architectural choice should always be justified by workload, scale, latency,
reliability, and business purpose.
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Data acquisition is the process of obtaining data from source
systems and moving it into a platform where it can be stored,
processed, and analyzed. It is the gateway between operational
reality and analytical systems. Sources can be databases,
applications, web services, mobile apps, sensors, machines, logs,
files, social platforms, and external data providers. Acquisition may
happen through batch extraction, APIs, event streams, direct
database reads, file transfer, or device gateways. The acquisition
design should preserve useful context. Events often need
identifiers, timestamps, source information, event type, and schema
information. Without this context, downstream systems may not
know what a record means or when it occurred. — Detailed Working

2. How the idea works in a real system

Data acquisition also creates governance responsibilities. Organizations need to know which source owns the data,
what the fields mean, how long data should be retained, and who can access it. Sensitive data should be protected
throughout the pipeline. Quality checks can occur at the boundary. Invalid messages may be rejected, quarantined, or
routed for correction. Schema validation helps prevent malformed data from silently entering downstream systems.

A useful way to analyze the topic is to identify the input, transformation or coordination step, output, and failure
conditions. This turns a definition into an operational model.

1 Identify the source of data or work.

2 Identify the component responsible for receiving or transforming it.

3 Determine where data is stored or buffered when necessary.

4 Identify how the system scales when workload increases.

5 Identify what happens when a component fails.

6 Identify how the result is consumed by analytics, users, or downstream applications.

Heavy-data scenario
Real-time example: A connected vehicle system may generate location, speed, battery, and diagnostic events. An
acquisition layer collects those events, validates their format, buffers bursts, and sends them to analytics and
monitoring consumers. At larger scale, the same activity can involve many producers, partitions, workers, storage
nodes, and downstream consumers. The design must prevent a single component from becoming a permanent
bottleneck.

Key idea: The most important design question is not “Which tool is used?” but “What responsibility does this
component perform, and why is that responsibility needed at this scale?”
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Data acquisition is the process of obtaining data from source
systems and moving it into a platform where it can be stored,
processed, and analyzed. It is the gateway between operational
reality and analytical systems. Sources can be databases,
applications, web services, mobile apps, sensors, machines, logs,
files, social platforms, and external data providers. Acquisition may
happen through batch extraction, APIs, event streams, direct
database reads, file transfer, or device gateways. The acquisition
design should preserve useful context. Events often need
identifiers, timestamps, source information, event type, and schema
information. Without this context, downstream systems may not
know what a record means or when it occurred. — Design, Benefits
and Limitations

3. Practical design discussion

When a Big Data system is designed, technical correctness is only one requirement. The architecture should also be
operationally manageable. Teams need to understand capacity, latency, failure recovery, data quality, security, cost,
and monitoring.

Design aspect Questions to ask

Scale How much data or work arrives? What is the peak rate?

Latency How quickly must the result be available?

Reliability What happens if a node, network link, or consumer fails?

Data quality How are duplicates, missing values, invalid records, and schema changes handled?

Scalability Can capacity increase by adding resources?

Security Who may produce, read, change, or delete the data?

Cost What storage, compute, network, and operational resources are required?

Advantages
• Supports systematic handling of large and continuously changing workloads.

• Makes complex data-processing responsibilities easier to divide and manage.

• Allows systems to scale when the workload grows.

• Can improve reliability when buffering, replication, retry, or recovery mechanisms are designed correctly.

Limitations and common mistakes
• Adding distributed components can increase operational complexity.

• Poor partitioning or uneven workloads can create bottlenecks.

• More data does not automatically mean more useful information.

• Real-time processing may be unnecessary when batch processing is sufficient.

• A technically correct architecture can still fail if data quality and governance are ignored.

Classroom-to-industry connection
Real-time example: A connected vehicle system may generate location, speed, battery, and diagnostic events. An
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acquisition layer collects those events, validates their format, buffers bursts, and sends them to analytics and
monitoring consumers. In a production environment, engineers would also monitor throughput, latency, error rates,
resource utilization, and data freshness. These operational measures tell the team whether the design is actually
working under real workload conditions.

Key idea: A strong Big Data solution balances performance with simplicity. The best design is usually the simplest
architecture that satisfies the required scale, freshness, reliability, and analytical goals.
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Data Acquisition Considerations

Data acquisition architecture must be designed around the
characteristics of the incoming workload. Volume: Estimate event
counts, record sizes, growth rates, and retention requirements.
Velocity: Estimate peak and average event rates and determine how
quickly data must become available. Variety: Identify structured,
semi-structured, and unstructured formats. Quality: Define
validation, duplicate handling, missing values, schema checks, and
error policies. Reliability: Decide how the system handles source
failures, network failures, consumer failures, and retries.

1. Concept and foundation

Scalability: The system should grow as sources and workloads grow. Horizontal scaling is often useful because more
collectors or consumers can be added. Latency: Define acceptable delay from event creation to availability. Not every
workload needs real-time processing. Security: Protect data during transmission and storage. Control access to
topics, files, databases, and dashboards. Fault tolerance: Use buffering, retries, replication, checkpoints, and
recovery strategies as appropriate. Cost: Storage, network traffic, compute, and operational complexity can become
significant at Big Data scale.

Concept → Architecture need → Processing behavior → Analytical/business outcome

Data acquisition should also consider ordering, duplicates, and late events. A distributed system may receive
events out of order because of network delays. A retry may produce the same event more than once. The system
should define whether order matters and how duplicate processing is handled. Another issue is schema evolution.
Sources change over time. A new field may be added or a field may change type. Consumers should have a
compatible strategy for versioning. Monitoring should measure ingestion rate, failure rate, latency, queue depth,
rejected records, and source freshness.

Real-time scenario
Real-time example: A smart-meter network may generate millions of readings. During a communication recovery,
many devices may reconnect at once and create a burst. A resilient acquisition layer must absorb the burst, validate
readings, prevent uncontrolled downstream overload, and continue processing without losing important data.

Key idea: Understanding Data acquisition architecture must be designed around the characteristics of the incoming
workload. Volume: Estimate event counts, record sizes, growth rates, and retention requirements. Velocity: Estimate
peak and average event rates and determine how quickly data must become available. Variety: Identify structured,
semi-structured, and unstructured formats. Quality: Define validation, duplicate handling, missing values, schema
checks, and error policies. Reliability: Decide how the system handles source failures, network failures, consumer
failures, and retries. requires connecting the definition to the problem it solves. In Big Data, the architectural choice
should always be justified by workload, scale, latency, reliability, and business purpose.
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Data acquisition architecture must be designed around the
characteristics of the incoming workload. Volume: Estimate event
counts, record sizes, growth rates, and retention requirements.
Velocity: Estimate peak and average event rates and determine how
quickly data must become available. Variety: Identify structured,
semi-structured, and unstructured formats. Quality: Define
validation, duplicate handling, missing values, schema checks, and
error policies. Reliability: Decide how the system handles source
failures, network failures, consumer failures, and retries. — Detailed
Working

2. How the idea works in a real system

Data acquisition should also consider ordering, duplicates, and late events. A distributed system may receive
events out of order because of network delays. A retry may produce the same event more than once. The system
should define whether order matters and how duplicate processing is handled. Another issue is schema evolution.
Sources change over time. A new field may be added or a field may change type. Consumers should have a
compatible strategy for versioning. Monitoring should measure ingestion rate, failure rate, latency, queue depth,
rejected records, and source freshness.

A useful way to analyze the topic is to identify the input, transformation or coordination step, output, and failure
conditions. This turns a definition into an operational model.

1 Identify the source of data or work.

2 Identify the component responsible for receiving or transforming it.

3 Determine where data is stored or buffered when necessary.

4 Identify how the system scales when workload increases.

5 Identify what happens when a component fails.

6 Identify how the result is consumed by analytics, users, or downstream applications.

Heavy-data scenario
Real-time example: A smart-meter network may generate millions of readings. During a communication recovery,
many devices may reconnect at once and create a burst. A resilient acquisition layer must absorb the burst, validate
readings, prevent uncontrolled downstream overload, and continue processing without losing important data. At larger
scale, the same activity can involve many producers, partitions, workers, storage nodes, and downstream consumers.
The design must prevent a single component from becoming a permanent bottleneck.

Key idea: The most important design question is not “Which tool is used?” but “What responsibility does this
component perform, and why is that responsibility needed at this scale?”
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Data acquisition architecture must be designed around the
characteristics of the incoming workload. Volume: Estimate event
counts, record sizes, growth rates, and retention requirements.
Velocity: Estimate peak and average event rates and determine how
quickly data must become available. Variety: Identify structured,
semi-structured, and unstructured formats. Quality: Define
validation, duplicate handling, missing values, schema checks, and
error policies. Reliability: Decide how the system handles source
failures, network failures, consumer failures, and retries. — Design,
Benefits and Limitations

3. Practical design discussion

When a Big Data system is designed, technical correctness is only one requirement. The architecture should also be
operationally manageable. Teams need to understand capacity, latency, failure recovery, data quality, security, cost,
and monitoring.

Design aspect Questions to ask

Scale How much data or work arrives? What is the peak rate?

Latency How quickly must the result be available?

Reliability What happens if a node, network link, or consumer fails?

Data quality How are duplicates, missing values, invalid records, and schema changes handled?

Scalability Can capacity increase by adding resources?

Security Who may produce, read, change, or delete the data?

Cost What storage, compute, network, and operational resources are required?

Advantages
• Supports systematic handling of large and continuously changing workloads.

• Makes complex data-processing responsibilities easier to divide and manage.

• Allows systems to scale when the workload grows.

• Can improve reliability when buffering, replication, retry, or recovery mechanisms are designed correctly.

Limitations and common mistakes
• Adding distributed components can increase operational complexity.

• Poor partitioning or uneven workloads can create bottlenecks.

• More data does not automatically mean more useful information.

• Real-time processing may be unnecessary when batch processing is sufficient.

• A technically correct architecture can still fail if data quality and governance are ignored.

Classroom-to-industry connection
Real-time example: A smart-meter network may generate millions of readings. During a communication recovery,
many devices may reconnect at once and create a burst. A resilient acquisition layer must absorb the burst, validate
readings, prevent uncontrolled downstream overload, and continue processing without losing important data. In a
production environment, engineers would also monitor throughput, latency, error rates, resource utilization, and data
freshness. These operational measures tell the team whether the design is actually working under real workload
conditions.
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Key idea: A strong Big Data solution balances performance with simplicity. The best design is usually the simplest
architecture that satisfies the required scale, freshness, reliability, and analytical goals.
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Publish–Subscribe Messaging Frameworks

Publish–Subscribe is a messaging pattern in which publishers send
messages to a logical topic rather than directly addressing specific
subscribers. Subscribers express interest in topics and receive
relevant messages. The main roles are: • Publisher — creates
events. • Topic — organizes events into a named stream or
category. • Subscriber — consumes events. • Broker/messaging
infrastructure — transports, stores, partitions, or delivers messages
according to the system design. The central benefit is loose
coupling. A publisher does not need to know how many subscribers
exist or how they process the event.

1. Concept and foundation

Suppose an e-commerce application publishes an “order created” event. Inventory can subscribe to update stock.
Payment can subscribe to process payment. Notifications can subscribe to send confirmation. Analytics can subscribe
to record customer activity. Without Pub/Sub, the order service might need direct communication with every
downstream service. That increases coupling and can make changes difficult. Pub/Sub creates a common event
boundary. A topic can be partitioned or distributed so that a high event rate can be handled by multiple consumers.
The exact mechanisms depend on the messaging framework.

Concept → Architecture need → Processing behavior → Analytical/business outcome

Messaging systems must define delivery behavior. Possible concepts include at-most-once, at-least-once, or stronger
delivery guarantees depending on the platform and configuration. At-least-once delivery means a consumer may
receive an event more than once, so applications often need idempotent processing. A unique event identifier can
help detect duplicates. Consumers can also fail independently. A durable messaging system may retain events so a
consumer can recover later, depending on retention and delivery design.

Real-time scenario
Real-time example: A payment event can be published once and consumed independently by fraud detection,
accounting, notification, and analytics services. Each consumer can scale separately and maintain its own processing
logic.

Key idea: Understanding Publish–Subscribe is a messaging pattern in which publishers send messages to a logical
topic rather than directly addressing specific subscribers. Subscribers express interest in topics and receive relevant
messages. The main roles are: • Publisher — creates events. • Topic — organizes events into a named stream or
category. • Subscriber — consumes events. • Broker/messaging infrastructure — transports, stores, partitions, or
delivers messages according to the system design. The central benefit is loose coupling. A publisher does not need to
know how many subscribers exist or how they process the event. requires connecting the definition to the problem it
solves. In Big Data, the architectural choice should always be justified by workload, scale, latency, reliability, and
business purpose.
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Publish–Subscribe is a messaging pattern in which publishers send
messages to a logical topic rather than directly addressing specific
subscribers. Subscribers express interest in topics and receive
relevant messages. The main roles are: • Publisher — creates
events. • Topic — organizes events into a named stream or
category. • Subscriber — consumes events. • Broker/messaging
infrastructure — transports, stores, partitions, or delivers messages
according to the system design. The central benefit is loose
coupling. A publisher does not need to know how many subscribers
exist or how they process the event. — Detailed Working

2. How the idea works in a real system

Messaging systems must define delivery behavior. Possible concepts include at-most-once, at-least-once, or stronger
delivery guarantees depending on the platform and configuration. At-least-once delivery means a consumer may
receive an event more than once, so applications often need idempotent processing. A unique event identifier can
help detect duplicates. Consumers can also fail independently. A durable messaging system may retain events so a
consumer can recover later, depending on retention and delivery design.

A useful way to analyze the topic is to identify the input, transformation or coordination step, output, and failure
conditions. This turns a definition into an operational model.

1 Identify the source of data or work.

2 Identify the component responsible for receiving or transforming it.

3 Determine where data is stored or buffered when necessary.

4 Identify how the system scales when workload increases.

5 Identify what happens when a component fails.

6 Identify how the result is consumed by analytics, users, or downstream applications.

Heavy-data scenario
Real-time example: A payment event can be published once and consumed independently by fraud detection,
accounting, notification, and analytics services. Each consumer can scale separately and maintain its own processing
logic. At larger scale, the same activity can involve many producers, partitions, workers, storage nodes, and
downstream consumers. The design must prevent a single component from becoming a permanent bottleneck.

Key idea: The most important design question is not “Which tool is used?” but “What responsibility does this
component perform, and why is that responsibility needed at this scale?”
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Publish–Subscribe is a messaging pattern in which publishers send
messages to a logical topic rather than directly addressing specific
subscribers. Subscribers express interest in topics and receive
relevant messages. The main roles are: • Publisher — creates
events. • Topic — organizes events into a named stream or
category. • Subscriber — consumes events. • Broker/messaging
infrastructure — transports, stores, partitions, or delivers messages
according to the system design. The central benefit is loose
coupling. A publisher does not need to know how many subscribers
exist or how they process the event. — Design, Benefits and
Limitations

3. Practical design discussion

When a Big Data system is designed, technical correctness is only one requirement. The architecture should also be
operationally manageable. Teams need to understand capacity, latency, failure recovery, data quality, security, cost,
and monitoring.

Design aspect Questions to ask

Scale How much data or work arrives? What is the peak rate?

Latency How quickly must the result be available?

Reliability What happens if a node, network link, or consumer fails?

Data quality How are duplicates, missing values, invalid records, and schema changes handled?

Scalability Can capacity increase by adding resources?

Security Who may produce, read, change, or delete the data?

Cost What storage, compute, network, and operational resources are required?

Advantages
• Supports systematic handling of large and continuously changing workloads.

• Makes complex data-processing responsibilities easier to divide and manage.

• Allows systems to scale when the workload grows.

• Can improve reliability when buffering, replication, retry, or recovery mechanisms are designed correctly.

Limitations and common mistakes
• Adding distributed components can increase operational complexity.

• Poor partitioning or uneven workloads can create bottlenecks.

• More data does not automatically mean more useful information.

• Real-time processing may be unnecessary when batch processing is sufficient.

• A technically correct architecture can still fail if data quality and governance are ignored.

Classroom-to-industry connection
Real-time example: A payment event can be published once and consumed independently by fraud detection,
accounting, notification, and analytics services. Each consumer can scale separately and maintain its own processing
logic. In a production environment, engineers would also monitor throughput, latency, error rates, resource utilization,
and data freshness. These operational measures tell the team whether the design is actually working under real
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workload conditions.

Key idea: A strong Big Data solution balances performance with simplicity. The best design is usually the simplest
architecture that satisfies the required scale, freshness, reliability, and analytical goals.
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Big Data Collection Systems

A Big Data collection system combines source connectors,
collectors, messaging or ingestion infrastructure, storage, and
processing components to move information from producers to
analytical destinations. A conceptual flow is: Sources → Collectors
→ Ingestion/Messaging → Storage → Processing → Analytics
Collectors may pull data from databases or APIs, receive events
from applications, read logs, or communicate with devices.
Messaging infrastructure can buffer and distribute the data. Storage
provides durable retention. Processing prepares the information for
analytical use.

1. Concept and foundation

A collection system should be designed for the source workload. A database extraction process may use incremental
queries based on timestamps or change indicators. Log collection may continuously read appended records. Sensors
may push readings through gateways. The system should also support observability. Operators need to know whether
sources are producing data, whether collectors are healthy, whether queues are growing, and whether consumers are
keeping up. A failure in collection can create a misleading analytics system because the downstream pipeline may
appear healthy while the input is incomplete.

Concept → Architecture need → Processing behavior → Analytical/business outcome

Data collection is therefore a chain of contracts. The source defines what it produces. The collector defines how it is
captured. The messaging layer defines how it is transported. Storage defines retention and retrieval. Processing
defines transformation. Analytics defines how the information is interpreted. This chain should have clear ownership
and monitoring at every stage. A strong design also separates raw data from transformed data when historical
reconstruction or auditing is important. Keeping an immutable or controlled raw layer can allow the organization to
rebuild downstream results after correcting processing logic.

Real-time scenario
Real-time example: An online service may collect application logs from hundreds of servers. Collectors gather the
logs, a messaging layer distributes them, storage retains historical records, and processing detects error patterns.
Operations teams can then use dashboards and alerts to investigate service health.

Key idea: Understanding A Big Data collection system combines source connectors, collectors, messaging or
ingestion infrastructure, storage, and processing components to move information from producers to analytical
destinations. A conceptual flow is: Sources → Collectors → Ingestion/Messaging → Storage → Processing →
Analytics Collectors may pull data from databases or APIs, receive events from applications, read logs, or
communicate with devices. Messaging infrastructure can buffer and distribute the data. Storage provides durable
retention. Processing prepares the information for analytical use. requires connecting the definition to the problem it
solves. In Big Data, the architectural choice should always be justified by workload, scale, latency, reliability, and
business purpose.
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A Big Data collection system combines source connectors,
collectors, messaging or ingestion infrastructure, storage, and
processing components to move information from producers to
analytical destinations. A conceptual flow is: Sources → Collectors
→ Ingestion/Messaging → Storage → Processing → Analytics
Collectors may pull data from databases or APIs, receive events
from applications, read logs, or communicate with devices.
Messaging infrastructure can buffer and distribute the data. Storage
provides durable retention. Processing prepares the information for
analytical use. — Detailed Working

2. How the idea works in a real system

Data collection is therefore a chain of contracts. The source defines what it produces. The collector defines how it is
captured. The messaging layer defines how it is transported. Storage defines retention and retrieval. Processing
defines transformation. Analytics defines how the information is interpreted. This chain should have clear ownership
and monitoring at every stage. A strong design also separates raw data from transformed data when historical
reconstruction or auditing is important. Keeping an immutable or controlled raw layer can allow the organization to
rebuild downstream results after correcting processing logic.

A useful way to analyze the topic is to identify the input, transformation or coordination step, output, and failure
conditions. This turns a definition into an operational model.

1 Identify the source of data or work.

2 Identify the component responsible for receiving or transforming it.

3 Determine where data is stored or buffered when necessary.

4 Identify how the system scales when workload increases.

5 Identify what happens when a component fails.

6 Identify how the result is consumed by analytics, users, or downstream applications.

Heavy-data scenario
Real-time example: An online service may collect application logs from hundreds of servers. Collectors gather the
logs, a messaging layer distributes them, storage retains historical records, and processing detects error patterns.
Operations teams can then use dashboards and alerts to investigate service health. At larger scale, the same activity
can involve many producers, partitions, workers, storage nodes, and downstream consumers. The design must
prevent a single component from becoming a permanent bottleneck.

Key idea: The most important design question is not “Which tool is used?” but “What responsibility does this
component perform, and why is that responsibility needed at this scale?”



Big Data Analytics — Units I, II & III Page 86

A Big Data collection system combines source connectors,
collectors, messaging or ingestion infrastructure, storage, and
processing components to move information from producers to
analytical destinations. A conceptual flow is: Sources → Collectors
→ Ingestion/Messaging → Storage → Processing → Analytics
Collectors may pull data from databases or APIs, receive events
from applications, read logs, or communicate with devices.
Messaging infrastructure can buffer and distribute the data. Storage
provides durable retention. Processing prepares the information for
analytical use. — Design, Benefits and Limitations

3. Practical design discussion

When a Big Data system is designed, technical correctness is only one requirement. The architecture should also be
operationally manageable. Teams need to understand capacity, latency, failure recovery, data quality, security, cost,
and monitoring.

Design aspect Questions to ask

Scale How much data or work arrives? What is the peak rate?

Latency How quickly must the result be available?

Reliability What happens if a node, network link, or consumer fails?

Data quality How are duplicates, missing values, invalid records, and schema changes handled?

Scalability Can capacity increase by adding resources?

Security Who may produce, read, change, or delete the data?

Cost What storage, compute, network, and operational resources are required?

Advantages
• Supports systematic handling of large and continuously changing workloads.

• Makes complex data-processing responsibilities easier to divide and manage.

• Allows systems to scale when the workload grows.

• Can improve reliability when buffering, replication, retry, or recovery mechanisms are designed correctly.

Limitations and common mistakes
• Adding distributed components can increase operational complexity.

• Poor partitioning or uneven workloads can create bottlenecks.

• More data does not automatically mean more useful information.

• Real-time processing may be unnecessary when batch processing is sufficient.

• A technically correct architecture can still fail if data quality and governance are ignored.

Classroom-to-industry connection
Real-time example: An online service may collect application logs from hundreds of servers. Collectors gather the
logs, a messaging layer distributes them, storage retains historical records, and processing detects error patterns.
Operations teams can then use dashboards and alerts to investigate service health. In a production environment,
engineers would also monitor throughput, latency, error rates, resource utilization, and data freshness. These
operational measures tell the team whether the design is actually working under real workload conditions.
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Key idea: A strong Big Data solution balances performance with simplicity. The best design is usually the simplest
architecture that satisfies the required scale, freshness, reliability, and analytical goals.
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INTEGRATED TOPIC 1

End-to-End Big Data Architecture

Conceptual explanation

How data moves from source systems through acquisition, ingestion, storage, processing, analytics, visualization, and
finally operational action.

Source → Acquire → Ingest → Store → Process → Analyze → Visualize / Act

Detailed real-time connection

An online retail platform can capture customer events, distribute them through messaging, store historical data,
process current events, run analytics, and use the results for recommendations, fraud monitoring, demand
forecasting, and dashboards.

Design checklist
• Identify the source and the exact data or event being generated.

• Estimate volume, velocity, variety, quality, and expected growth.

• Choose batch, stream, or interactive processing according to the required freshness.

• Use queues, partitions, and multiple consumers where they solve a real scaling problem.

• Define behavior for failures, duplicate events, late events, and schema changes.

• Monitor both infrastructure health and data health.

• Connect the analytical result to a measurable operational or business outcome.

Heavy-data scenario
An online retail platform can capture customer events, distribute them through messaging, store historical data,
process current events, run analytics, and use the results for recommendations, fraud monitoring, demand
forecasting, and dashboards. At large scale, the same scenario may involve thousands of producers, distributed
storage, many processing workers, multiple consumers, partitioned event streams, and continuous monitoring. The
architecture must prevent a local problem from becoming a system-wide failure.

Key idea: The main lesson is integration: Big Data is not one technology. It is a coordinated data lifecycle in which
acquisition, distributed patterns, processing, analytics, and visualization must work together.
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INTEGRATED TOPIC 2

Data Lake and Analytical Thinking

Conceptual explanation

A flexible storage layer can preserve raw and processed information so multiple analytical workflows can use the
same underlying data.

Source → Acquire → Ingest → Store → Process → Analyze → Visualize / Act

Detailed real-time connection

A retailer can retain click events, transactions, product information, and customer interactions and later create
separate datasets for recommendation, forecasting, and customer analysis.

Design checklist
• Identify the source and the exact data or event being generated.

• Estimate volume, velocity, variety, quality, and expected growth.

• Choose batch, stream, or interactive processing according to the required freshness.

• Use queues, partitions, and multiple consumers where they solve a real scaling problem.

• Define behavior for failures, duplicate events, late events, and schema changes.

• Monitor both infrastructure health and data health.

• Connect the analytical result to a measurable operational or business outcome.

Heavy-data scenario
A retailer can retain click events, transactions, product information, and customer interactions and later create
separate datasets for recommendation, forecasting, and customer analysis. At large scale, the same scenario may
involve thousands of producers, distributed storage, many processing workers, multiple consumers, partitioned event
streams, and continuous monitoring. The architecture must prevent a local problem from becoming a system-wide
failure.

Key idea: The main lesson is integration: Big Data is not one technology. It is a coordinated data lifecycle in which
acquisition, distributed patterns, processing, analytics, and visualization must work together.
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INTEGRATED TOPIC 3

Batch versus Streaming — Deep Comparison

Conceptual explanation

Batch processing is suited to accumulated historical work, while stream processing is suited to continuous events
where freshness matters. Many production systems use both.

Source → Acquire → Ingest → Store → Process → Analyze → Visualize / Act

Detailed real-time connection

A bank can process transaction risk continuously while performing daily reconciliation and monthly reporting in batch.

Design checklist
• Identify the source and the exact data or event being generated.

• Estimate volume, velocity, variety, quality, and expected growth.

• Choose batch, stream, or interactive processing according to the required freshness.

• Use queues, partitions, and multiple consumers where they solve a real scaling problem.

• Define behavior for failures, duplicate events, late events, and schema changes.

• Monitor both infrastructure health and data health.

• Connect the analytical result to a measurable operational or business outcome.

Heavy-data scenario
A bank can process transaction risk continuously while performing daily reconciliation and monthly reporting in batch.
At large scale, the same scenario may involve thousands of producers, distributed storage, many processing workers,
multiple consumers, partitioned event streams, and continuous monitoring. The architecture must prevent a local
problem from becoming a system-wide failure.

Key idea: The main lesson is integration: Big Data is not one technology. It is a coordinated data lifecycle in which
acquisition, distributed patterns, processing, analytics, and visualization must work together.
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INTEGRATED TOPIC 4

Data Quality at Big Data Scale

Conceptual explanation

Quality problems become more important as data volume grows. Duplicate, missing, invalid, or stale records can
materially change analytical results.

Source → Acquire → Ingest → Store → Process → Analyze → Visualize / Act

Detailed real-time connection

A sensor platform can measure duplicate rates, invalid ranges, missing readings, timestamp problems, and source
freshness as part of its data-quality monitoring.

Design checklist
• Identify the source and the exact data or event being generated.

• Estimate volume, velocity, variety, quality, and expected growth.

• Choose batch, stream, or interactive processing according to the required freshness.

• Use queues, partitions, and multiple consumers where they solve a real scaling problem.

• Define behavior for failures, duplicate events, late events, and schema changes.

• Monitor both infrastructure health and data health.

• Connect the analytical result to a measurable operational or business outcome.

Heavy-data scenario
A sensor platform can measure duplicate rates, invalid ranges, missing readings, timestamp problems, and source
freshness as part of its data-quality monitoring. At large scale, the same scenario may involve thousands of
producers, distributed storage, many processing workers, multiple consumers, partitioned event streams, and
continuous monitoring. The architecture must prevent a local problem from becoming a system-wide failure.

Key idea: The main lesson is integration: Big Data is not one technology. It is a coordinated data lifecycle in which
acquisition, distributed patterns, processing, analytics, and visualization must work together.
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INTEGRATED TOPIC 5

Distributed Processing and Parallelism

Conceptual explanation

Distributed systems divide large workloads across multiple machines. Parallelism increases capacity, but
communication and coordination become new design concerns.

Source → Acquire → Ingest → Store → Process → Analyze → Visualize / Act

Detailed real-time connection

A huge customer-event dataset can be divided into partitions so many workers process different portions concurrently
before combining partial results.

Design checklist
• Identify the source and the exact data or event being generated.

• Estimate volume, velocity, variety, quality, and expected growth.

• Choose batch, stream, or interactive processing according to the required freshness.

• Use queues, partitions, and multiple consumers where they solve a real scaling problem.

• Define behavior for failures, duplicate events, late events, and schema changes.

• Monitor both infrastructure health and data health.

• Connect the analytical result to a measurable operational or business outcome.

Heavy-data scenario
A huge customer-event dataset can be divided into partitions so many workers process different portions concurrently
before combining partial results. At large scale, the same scenario may involve thousands of producers, distributed
storage, many processing workers, multiple consumers, partitioned event streams, and continuous monitoring. The
architecture must prevent a local problem from becoming a system-wide failure.

Key idea: The main lesson is integration: Big Data is not one technology. It is a coordinated data lifecycle in which
acquisition, distributed patterns, processing, analytics, and visualization must work together.
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INTEGRATED TOPIC 6

Queues, Consumers and Backpressure

Conceptual explanation

Queues buffer work between producers and consumers. Growing queue depth indicates that incoming work is arriving
faster than the downstream system can process it.

Source → Acquire → Ingest → Store → Process → Analyze → Visualize / Act

Detailed real-time connection

During a shopping promotion, an order queue can absorb a burst while workers process orders at a sustainable rate.
If the backlog grows, capacity or processing efficiency must be improved.

Design checklist
• Identify the source and the exact data or event being generated.

• Estimate volume, velocity, variety, quality, and expected growth.

• Choose batch, stream, or interactive processing according to the required freshness.

• Use queues, partitions, and multiple consumers where they solve a real scaling problem.

• Define behavior for failures, duplicate events, late events, and schema changes.

• Monitor both infrastructure health and data health.

• Connect the analytical result to a measurable operational or business outcome.

Heavy-data scenario
During a shopping promotion, an order queue can absorb a burst while workers process orders at a sustainable rate.
If the backlog grows, capacity or processing efficiency must be improved. At large scale, the same scenario may
involve thousands of producers, distributed storage, many processing workers, multiple consumers, partitioned event
streams, and continuous monitoring. The architecture must prevent a local problem from becoming a system-wide
failure.

Key idea: The main lesson is integration: Big Data is not one technology. It is a coordinated data lifecycle in which
acquisition, distributed patterns, processing, analytics, and visualization must work together.
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INTEGRATED TOPIC 7

Partitioning Strategies

Conceptual explanation

Partitioning appears in storage and messaging systems. A good partition key should distribute work reasonably while
supporting important access patterns.

Source → Acquire → Ingest → Store → Process → Analyze → Visualize / Act

Detailed real-time connection

A customer-event stream may partition by a stable identifier so related events can be routed consistently while
spreading workload across partitions.

Design checklist
• Identify the source and the exact data or event being generated.

• Estimate volume, velocity, variety, quality, and expected growth.

• Choose batch, stream, or interactive processing according to the required freshness.

• Use queues, partitions, and multiple consumers where they solve a real scaling problem.

• Define behavior for failures, duplicate events, late events, and schema changes.

• Monitor both infrastructure health and data health.

• Connect the analytical result to a measurable operational or business outcome.

Heavy-data scenario
A customer-event stream may partition by a stable identifier so related events can be routed consistently while
spreading workload across partitions. At large scale, the same scenario may involve thousands of producers,
distributed storage, many processing workers, multiple consumers, partitioned event streams, and continuous
monitoring. The architecture must prevent a local problem from becoming a system-wide failure.

Key idea: The main lesson is integration: Big Data is not one technology. It is a coordinated data lifecycle in which
acquisition, distributed patterns, processing, analytics, and visualization must work together.
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INTEGRATED TOPIC 8

Fault Tolerance and Recovery

Conceptual explanation

Distributed systems assume components can fail. Fault tolerance uses retries, checkpoints, replication, durable
queues, and recovery procedures to keep useful work progressing.

Source → Acquire → Ingest → Store → Process → Analyze → Visualize / Act

Detailed real-time connection

An analytics pipeline can resume from a checkpoint after a worker failure instead of recalculating the entire workload.

Design checklist
• Identify the source and the exact data or event being generated.

• Estimate volume, velocity, variety, quality, and expected growth.

• Choose batch, stream, or interactive processing according to the required freshness.

• Use queues, partitions, and multiple consumers where they solve a real scaling problem.

• Define behavior for failures, duplicate events, late events, and schema changes.

• Monitor both infrastructure health and data health.

• Connect the analytical result to a measurable operational or business outcome.

Heavy-data scenario
An analytics pipeline can resume from a checkpoint after a worker failure instead of recalculating the entire workload.
At large scale, the same scenario may involve thousands of producers, distributed storage, many processing workers,
multiple consumers, partitioned event streams, and continuous monitoring. The architecture must prevent a local
problem from becoming a system-wide failure.

Key idea: The main lesson is integration: Big Data is not one technology. It is a coordinated data lifecycle in which
acquisition, distributed patterns, processing, analytics, and visualization must work together.
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INTEGRATED TOPIC 9

Observability in Big Data Systems

Conceptual explanation

Observability combines metrics, logs, traces, and data-health signals so engineers can understand system behavior
and failures.

Source → Acquire → Ingest → Store → Process → Analyze → Visualize / Act

Detailed real-time connection

A data platform may monitor ingestion rate, queue depth, processing latency, error rate, resource use, and source
freshness to detect silent failures.

Design checklist
• Identify the source and the exact data or event being generated.

• Estimate volume, velocity, variety, quality, and expected growth.

• Choose batch, stream, or interactive processing according to the required freshness.

• Use queues, partitions, and multiple consumers where they solve a real scaling problem.

• Define behavior for failures, duplicate events, late events, and schema changes.

• Monitor both infrastructure health and data health.

• Connect the analytical result to a measurable operational or business outcome.

Heavy-data scenario
A data platform may monitor ingestion rate, queue depth, processing latency, error rate, resource use, and source
freshness to detect silent failures. At large scale, the same scenario may involve thousands of producers, distributed
storage, many processing workers, multiple consumers, partitioned event streams, and continuous monitoring. The
architecture must prevent a local problem from becoming a system-wide failure.

Key idea: The main lesson is integration: Big Data is not one technology. It is a coordinated data lifecycle in which
acquisition, distributed patterns, processing, analytics, and visualization must work together.
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INTEGRATED TOPIC 10

Metadata and Data Meaning

Conceptual explanation

Metadata explains what data means, where it came from, who owns it, how fresh it is, and what transformations have
been applied.

Source → Acquire → Ingest → Store → Process → Analyze → Visualize / Act

Detailed real-time connection

A field called status is not useful without knowing whether it represents payment status, delivery status, device status,
or another business concept.

Design checklist
• Identify the source and the exact data or event being generated.

• Estimate volume, velocity, variety, quality, and expected growth.

• Choose batch, stream, or interactive processing according to the required freshness.

• Use queues, partitions, and multiple consumers where they solve a real scaling problem.

• Define behavior for failures, duplicate events, late events, and schema changes.

• Monitor both infrastructure health and data health.

• Connect the analytical result to a measurable operational or business outcome.

Heavy-data scenario
A field called status is not useful without knowing whether it represents payment status, delivery status, device status,
or another business concept. At large scale, the same scenario may involve thousands of producers, distributed
storage, many processing workers, multiple consumers, partitioned event streams, and continuous monitoring. The
architecture must prevent a local problem from becoming a system-wide failure.

Key idea: The main lesson is integration: Big Data is not one technology. It is a coordinated data lifecycle in which
acquisition, distributed patterns, processing, analytics, and visualization must work together.
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INTEGRATED TOPIC 11

Data Governance and Security

Conceptual explanation

Big Data systems must control access, protect sensitive information, document ownership, manage retention, and
support appropriate auditing.

Source → Acquire → Ingest → Store → Process → Analyze → Visualize / Act

Detailed real-time connection

A healthcare analytics system can separate authorized clinical access from broader analytical access while
maintaining appropriate controls around sensitive records.

Design checklist
• Identify the source and the exact data or event being generated.

• Estimate volume, velocity, variety, quality, and expected growth.

• Choose batch, stream, or interactive processing according to the required freshness.

• Use queues, partitions, and multiple consumers where they solve a real scaling problem.

• Define behavior for failures, duplicate events, late events, and schema changes.

• Monitor both infrastructure health and data health.

• Connect the analytical result to a measurable operational or business outcome.

Heavy-data scenario
A healthcare analytics system can separate authorized clinical access from broader analytical access while
maintaining appropriate controls around sensitive records. At large scale, the same scenario may involve thousands
of producers, distributed storage, many processing workers, multiple consumers, partitioned event streams, and
continuous monitoring. The architecture must prevent a local problem from becoming a system-wide failure.

Key idea: The main lesson is integration: Big Data is not one technology. It is a coordinated data lifecycle in which
acquisition, distributed patterns, processing, analytics, and visualization must work together.
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INTEGRATED TOPIC 12

Real-Time Analytics Pipeline

Conceptual explanation

A real-time pipeline captures events, transports them through messaging, processes them continuously, and produces
fresh results such as alerts or current views.

Source → Acquire → Ingest → Store → Process → Analyze → Visualize / Act

Detailed real-time connection

A transaction can be evaluated for risk within seconds and generate an alert while historical batch systems continue to
calculate longer-term patterns.

Design checklist
• Identify the source and the exact data or event being generated.

• Estimate volume, velocity, variety, quality, and expected growth.

• Choose batch, stream, or interactive processing according to the required freshness.

• Use queues, partitions, and multiple consumers where they solve a real scaling problem.

• Define behavior for failures, duplicate events, late events, and schema changes.

• Monitor both infrastructure health and data health.

• Connect the analytical result to a measurable operational or business outcome.

Heavy-data scenario
A transaction can be evaluated for risk within seconds and generate an alert while historical batch systems continue to
calculate longer-term patterns. At large scale, the same scenario may involve thousands of producers, distributed
storage, many processing workers, multiple consumers, partitioned event streams, and continuous monitoring. The
architecture must prevent a local problem from becoming a system-wide failure.

Key idea: The main lesson is integration: Big Data is not one technology. It is a coordinated data lifecycle in which
acquisition, distributed patterns, processing, analytics, and visualization must work together.
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INTEGRATED TOPIC 13

Historical Analytics Pipeline

Conceptual explanation

Historical analytics processes large stored datasets for reporting, trend analysis, forecasting, and model training.

Source → Acquire → Ingest → Store → Process → Analyze → Visualize / Act

Detailed real-time connection

A retailer can process months of sales and inventory data to identify seasonal demand and create forecasting
features.

Design checklist
• Identify the source and the exact data or event being generated.

• Estimate volume, velocity, variety, quality, and expected growth.

• Choose batch, stream, or interactive processing according to the required freshness.

• Use queues, partitions, and multiple consumers where they solve a real scaling problem.

• Define behavior for failures, duplicate events, late events, and schema changes.

• Monitor both infrastructure health and data health.

• Connect the analytical result to a measurable operational or business outcome.

Heavy-data scenario
A retailer can process months of sales and inventory data to identify seasonal demand and create forecasting
features. At large scale, the same scenario may involve thousands of producers, distributed storage, many processing
workers, multiple consumers, partitioned event streams, and continuous monitoring. The architecture must prevent a
local problem from becoming a system-wide failure.

Key idea: The main lesson is integration: Big Data is not one technology. It is a coordinated data lifecycle in which
acquisition, distributed patterns, processing, analytics, and visualization must work together.
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INTEGRATED TOPIC 14

MapReduce versus Pipes and Filters

Conceptual explanation

MapReduce is useful when a problem naturally divides into map, shuffle/group, and reduce stages. Pipes and Filters
are useful when processing can be expressed as sequential transformations.

Source → Acquire → Ingest → Store → Process → Analyze → Visualize / Act

Detailed real-time connection

A log pipeline may parse and enrich records through filters and then perform distributed aggregation over the cleaned
events.

Design checklist
• Identify the source and the exact data or event being generated.

• Estimate volume, velocity, variety, quality, and expected growth.

• Choose batch, stream, or interactive processing according to the required freshness.

• Use queues, partitions, and multiple consumers where they solve a real scaling problem.

• Define behavior for failures, duplicate events, late events, and schema changes.

• Monitor both infrastructure health and data health.

• Connect the analytical result to a measurable operational or business outcome.

Heavy-data scenario
A log pipeline may parse and enrich records through filters and then perform distributed aggregation over the cleaned
events. At large scale, the same scenario may involve thousands of producers, distributed storage, many processing
workers, multiple consumers, partitioned event streams, and continuous monitoring. The architecture must prevent a
local problem from becoming a system-wide failure.

Key idea: The main lesson is integration: Big Data is not one technology. It is a coordinated data lifecycle in which
acquisition, distributed patterns, processing, analytics, and visualization must work together.
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INTEGRATED TOPIC 15

CAP and Failure Scenarios

Conceptual explanation

CAP helps reason about consistency, availability, and partition tolerance when communication failures occur in
distributed systems.

Source → Acquire → Ingest → Store → Process → Analyze → Visualize / Act

Detailed real-time connection

A multi-region application may need to decide whether certain writes should continue during a communication partition
or wait for stronger consistency.

Design checklist
• Identify the source and the exact data or event being generated.

• Estimate volume, velocity, variety, quality, and expected growth.

• Choose batch, stream, or interactive processing according to the required freshness.

• Use queues, partitions, and multiple consumers where they solve a real scaling problem.

• Define behavior for failures, duplicate events, late events, and schema changes.

• Monitor both infrastructure health and data health.

• Connect the analytical result to a measurable operational or business outcome.

Heavy-data scenario
A multi-region application may need to decide whether certain writes should continue during a communication
partition or wait for stronger consistency. At large scale, the same scenario may involve thousands of producers,
distributed storage, many processing workers, multiple consumers, partitioned event streams, and continuous
monitoring. The architecture must prevent a local problem from becoming a system-wide failure.

Key idea: The main lesson is integration: Big Data is not one technology. It is a coordinated data lifecycle in which
acquisition, distributed patterns, processing, analytics, and visualization must work together.
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INTEGRATED TOPIC 16

Sharding and Query Design

Conceptual explanation

Sharding affects both storage and application access. A good key can route common requests efficiently, while poor
partitioning can create hot shards or expensive cross-shard queries.

Source → Acquire → Ingest → Store → Process → Analyze → Visualize / Act

Detailed real-time connection

A multi-tenant application can partition data by tenant so requests for one customer organization are usually handled
by one shard.

Design checklist
• Identify the source and the exact data or event being generated.

• Estimate volume, velocity, variety, quality, and expected growth.

• Choose batch, stream, or interactive processing according to the required freshness.

• Use queues, partitions, and multiple consumers where they solve a real scaling problem.

• Define behavior for failures, duplicate events, late events, and schema changes.

• Monitor both infrastructure health and data health.

• Connect the analytical result to a measurable operational or business outcome.

Heavy-data scenario
A multi-tenant application can partition data by tenant so requests for one customer organization are usually handled
by one shard. At large scale, the same scenario may involve thousands of producers, distributed storage, many
processing workers, multiple consumers, partitioned event streams, and continuous monitoring. The architecture must
prevent a local problem from becoming a system-wide failure.

Key idea: The main lesson is integration: Big Data is not one technology. It is a coordinated data lifecycle in which
acquisition, distributed patterns, processing, analytics, and visualization must work together.
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INTEGRATED TOPIC 17

Lambda Architecture in Practice

Conceptual explanation

Lambda-style thinking combines comprehensive historical computation with fresh event processing and a serving
layer that exposes the results.

Source → Acquire → Ingest → Store → Process → Analyze → Visualize / Act

Detailed real-time connection

A sales dashboard can use a historical batch result for long-term trends and a streaming result for today's order
activity.

Design checklist
• Identify the source and the exact data or event being generated.

• Estimate volume, velocity, variety, quality, and expected growth.

• Choose batch, stream, or interactive processing according to the required freshness.

• Use queues, partitions, and multiple consumers where they solve a real scaling problem.

• Define behavior for failures, duplicate events, late events, and schema changes.

• Monitor both infrastructure health and data health.

• Connect the analytical result to a measurable operational or business outcome.

Heavy-data scenario
A sales dashboard can use a historical batch result for long-term trends and a streaming result for today's order
activity. At large scale, the same scenario may involve thousands of producers, distributed storage, many processing
workers, multiple consumers, partitioned event streams, and continuous monitoring. The architecture must prevent a
local problem from becoming a system-wide failure.

Key idea: The main lesson is integration: Big Data is not one technology. It is a coordinated data lifecycle in which
acquisition, distributed patterns, processing, analytics, and visualization must work together.
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INTEGRATED TOPIC 18

Data Acquisition Architecture Review

Conceptual explanation

A collection system should be reviewed from source to storage for coverage, reliability, duplicates, schema changes,
security, scalability, and monitoring.

Source → Acquire → Ingest → Store → Process → Analyze → Visualize / Act

Detailed real-time connection

An IoT review would examine device connectivity, gateway buffering, message retention, validation, consumer
scaling, storage, and source-health monitoring.

Design checklist
• Identify the source and the exact data or event being generated.

• Estimate volume, velocity, variety, quality, and expected growth.

• Choose batch, stream, or interactive processing according to the required freshness.

• Use queues, partitions, and multiple consumers where they solve a real scaling problem.

• Define behavior for failures, duplicate events, late events, and schema changes.

• Monitor both infrastructure health and data health.

• Connect the analytical result to a measurable operational or business outcome.

Heavy-data scenario
An IoT review would examine device connectivity, gateway buffering, message retention, validation, consumer
scaling, storage, and source-health monitoring. At large scale, the same scenario may involve thousands of
producers, distributed storage, many processing workers, multiple consumers, partitioned event streams, and
continuous monitoring. The architecture must prevent a local problem from becoming a system-wide failure.

Key idea: The main lesson is integration: Big Data is not one technology. It is a coordinated data lifecycle in which
acquisition, distributed patterns, processing, analytics, and visualization must work together.
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INTEGRATED TOPIC 19

Complete Case Study — Smart Manufacturing

Conceptual explanation

Smart manufacturing combines high-velocity sensor acquisition, messaging, distributed processing, historical storage,
streaming analytics, and operational dashboards.

Source → Acquire → Ingest → Store → Process → Analyze → Visualize / Act

Detailed real-time connection

Historical vibration patterns can support predictive-maintenance models while live sensor readings are evaluated for
anomalies. Maintenance teams can receive alerts before a likely failure becomes an operational incident.

Design checklist
• Identify the source and the exact data or event being generated.

• Estimate volume, velocity, variety, quality, and expected growth.

• Choose batch, stream, or interactive processing according to the required freshness.

• Use queues, partitions, and multiple consumers where they solve a real scaling problem.

• Define behavior for failures, duplicate events, late events, and schema changes.

• Monitor both infrastructure health and data health.

• Connect the analytical result to a measurable operational or business outcome.

Heavy-data scenario
Historical vibration patterns can support predictive-maintenance models while live sensor readings are evaluated for
anomalies. Maintenance teams can receive alerts before a likely failure becomes an operational incident. At large
scale, the same scenario may involve thousands of producers, distributed storage, many processing workers, multiple
consumers, partitioned event streams, and continuous monitoring. The architecture must prevent a local problem from
becoming a system-wide failure.

Key idea: The main lesson is integration: Big Data is not one technology. It is a coordinated data lifecycle in which
acquisition, distributed patterns, processing, analytics, and visualization must work together.
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INTEGRATED TOPIC 20

Complete Case Study — E-Commerce

Conceptual explanation

E-commerce brings together almost every concept in the three units: event collection, messaging, queues,
consumers, storage, batch and streaming analysis, visualization, and automated action.

Source → Acquire → Ingest → Store → Process → Analyze → Visualize / Act

Detailed real-time connection

A single order can create inventory, payment, notification, analytics, and fulfillment events. Loose coupling and
scalable consumers allow each responsibility to grow independently.

Design checklist
• Identify the source and the exact data or event being generated.

• Estimate volume, velocity, variety, quality, and expected growth.

• Choose batch, stream, or interactive processing according to the required freshness.

• Use queues, partitions, and multiple consumers where they solve a real scaling problem.

• Define behavior for failures, duplicate events, late events, and schema changes.

• Monitor both infrastructure health and data health.

• Connect the analytical result to a measurable operational or business outcome.

Heavy-data scenario
A single order can create inventory, payment, notification, analytics, and fulfillment events. Loose coupling and
scalable consumers allow each responsibility to grow independently. At large scale, the same scenario may involve
thousands of producers, distributed storage, many processing workers, multiple consumers, partitioned event
streams, and continuous monitoring. The architecture must prevent a local problem from becoming a system-wide
failure.

Key idea: The main lesson is integration: Big Data is not one technology. It is a coordinated data lifecycle in which
acquisition, distributed patterns, processing, analytics, and visualization must work together.
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BIG DATA ANALYTICS
Units III, IV & V

Comprehensive Textbook Notes

Detailed explanations • Real-time examples • Architecture flows • Case studies • Practical

design discussion

Key idea: This document is prepared in textbook format. It covers every listed topic in depth and connects storage,
batch analysis, serving databases, NoSQL models, and Django through practical Big Data architectures.
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CONTENTS

Unit Topics covered

Unit III HDFS architecture; HDFS blocks, replication, read/write operations, advantages and limitations; Scala;
Apache Spark; Spark architecture; RDDs, DataFrames and SQL.

Unit IV Hadoop and MapReduce; MapReduce examples; Pig; News Article batch-analysis case study; Apache
Oozie; Apache Spark.

Unit V SQL databases; NoSQL databases; key-value; document; column-family; graph databases; Django; Django
architecture; Django with Big Data analytics.

Reading approach

Each topic is explained from meaning to working, then connected to a real system. The integrated sections at the end
show how the individual concepts combine into complete production-style architectures.
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UNIT III — BIG DATA STORAGE

HDFS — Introduction and Need

1. Concept and foundation

Hadoop Distributed File System (HDFS) is a distributed storage system designed to store very large files across a
cluster of machines. Instead of depending on one powerful server, HDFS divides files into blocks and distributes those
blocks across multiple machines. This makes large-scale storage possible using a collection of ordinary servers. HDFS
is designed around the assumption that hardware failures can occur. A machine, disk, or network connection may fail,
so data is replicated and the system tracks where copies exist. The goal is not to prevent every failure but to continue
providing useful service when failures happen. HDFS is especially suitable for large sequential reads and workloads
where data is written relatively less frequently than it is read. It is a foundation of the traditional Hadoop ecosystem and
is closely connected to MapReduce-style batch processing.

Problem → Architecture component → Processing/storage behavior → Result

When a large file is written to HDFS, the file is divided into blocks. Different blocks can be stored on different
DataNodes. A central coordination component, the NameNode, maintains metadata about files, directories,
permissions, and block locations. When a client wants to read a file, it first obtains block-location information and then
reads the actual data from the appropriate DataNodes. The NameNode does not normally carry the full file content; it
manages metadata while DataNodes store the blocks. Replication provides fault tolerance. If one DataNode becomes
unavailable, another replica can serve the block. HDFS can therefore continue operating even though individual
machines fail.

Real-time example
A university research center may have thousands of large experiment files, logs, images, and datasets. Storing all of
them on one server creates capacity and failure risks. HDFS can distribute the files across many nodes and replicate
important blocks. Researchers can then run distributed processing over the same stored data.

Key idea: The important design principle is data locality. Moving large datasets over a network can be expensive, so
Hadoop attempts to move computation close to the data whenever practical. This idea strongly influenced Hadoop's
batch-processing model. HDFS is not intended to replace every database. It is optimized for large-scale distributed file
storage, not for low-latency row-by-row transactional operations. This distinction becomes important when comparing
HDFS with SQL and NoSQL serving databases in Unit V.
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HDFS — Introduction and Need — Detailed Working

2. How the concept operates in a real system

The important design principle is data locality. Moving large datasets over a network can be expensive, so Hadoop
attempts to move computation close to the data whenever practical. This idea strongly influenced Hadoop's
batch-processing model. HDFS is not intended to replace every database. It is optimized for large-scale distributed file
storage, not for low-latency row-by-row transactional operations. This distinction becomes important when comparing
HDFS with SQL and NoSQL serving databases in Unit V.

When a large file is written to HDFS, the file is divided into blocks. Different blocks can be stored on different
DataNodes. A central coordination component, the NameNode, maintains metadata about files, directories,
permissions, and block locations. When a client wants to read a file, it first obtains block-location information and then
reads the actual data from the appropriate DataNodes. The NameNode does not normally carry the full file content; it
manages metadata while DataNodes store the blocks. Replication provides fault tolerance. If one DataNode becomes
unavailable, another replica can serve the block. HDFS can therefore continue operating even though individual
machines fail.

1 Identify the data source and workload.

2 Identify the component responsible for storing, processing, serving, or coordinating it.

3 Determine how the workload is divided or distributed.

4 Identify how the system handles growth and failures.

5 Identify the output and who consumes it.

Heavy-data scenario
A university research center may have thousands of large experiment files, logs, images, and datasets. Storing all of
them on one server creates capacity and failure risks. HDFS can distribute the files across many nodes and replicate
important blocks. Researchers can then run distributed processing over the same stored data. At larger scale, the
same workload can involve many files, partitions, nodes, processing tasks, database records, and web requests. The
design must prevent one component from becoming an uncontrolled bottleneck.

Key idea: The important question is not simply which technology is named, but why that component is appropriate for
the workload.
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HDFS — Introduction and Need — Design, Benefits and Limitations

3. Practical design discussion

Design factor Questions to consider

Scale How much data exists? How fast is it growing?

Performance Is the workload throughput-oriented or latency-sensitive?

Reliability What happens if a node, job, database, or network link fails?

Scalability Can more nodes/workers/servers be added?

Data model What structure matches the expected access pattern?

Security Who can access or modify the information?

Operations How are monitoring, backup, recovery, and cost handled?

Advantages
• Supports systematic handling of large datasets and workloads.

• Allows specialized components to handle specialized responsibilities.

• Can scale horizontally when the architecture supports partitioning.

• Separates heavy analytics from fast serving when designed correctly.

Limitations and common mistakes
• Distributed systems introduce coordination and operational complexity.

• Poor partitioning can create hot spots or uneven workload.

• Using a heavy analytics engine for every web request can create unacceptable latency.

• Choosing a database by popularity rather than access pattern can cause poor performance.

• More data does not automatically mean better analytics.

Industry connection
A university research center may have thousands of large experiment files, logs, images, and datasets. Storing all of
them on one server creates capacity and failure risks. HDFS can distribute the files across many nodes and replicate
important blocks. Researchers can then run distributed processing over the same stored data. In production, teams
also monitor throughput, latency, failures, resource utilization, data freshness, and cost.

Key idea: The strongest architecture balances scale, performance, reliability, simplicity, and business purpose.
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UNIT III — BIG DATA STORAGE

HDFS Architecture

1. Concept and foundation

HDFS architecture is commonly explained using NameNode, DataNode, and client components. The NameNode
maintains the filesystem namespace and metadata. DataNodes store the actual blocks. Clients communicate with the
NameNode to learn where data is located and then transfer data directly with DataNodes. A cluster can contain many
DataNodes. The NameNode maintains a logical view of the entire filesystem, including file names, directories,
permissions, block mappings, and replication information.

Problem → Architecture component → Processing/storage behavior → Result

A file may be divided into blocks such as Block A, Block B, and Block C. Each block can have several replicas
distributed across different DataNodes. If a DataNode fails, the system can use another replica. DataNodes periodically
communicate their health to the NameNode. The NameNode uses this information to detect failures and manage
replication. This separation between metadata management and data storage allows the system to scale across many
machines. Modern Hadoop deployments can also use high-availability arrangements for the NameNode role so that a
single NameNode failure does not make the whole filesystem unavailable.

Real-time example
Imagine a 2-terabyte analytics file stored across a cluster. The file is not treated as one enormous object on one
machine. Its blocks are distributed, allowing several machines to participate in storage and later processing. If one
server fails, replicas provide recovery options.

Key idea: HDFS architecture demonstrates an important Big Data principle: separate control information from large
data movement. Metadata is comparatively small and needs centralized coordination, while bulk data is distributed
across storage nodes. The architecture also makes capacity expansion practical. Adding DataNodes can increase
storage and processing opportunities, although administrators must consider network capacity, balancing, replication,
and operational overhead.
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HDFS Architecture — Detailed Working

2. How the concept operates in a real system

HDFS architecture demonstrates an important Big Data principle: separate control information from large data
movement. Metadata is comparatively small and needs centralized coordination, while bulk data is distributed across
storage nodes. The architecture also makes capacity expansion practical. Adding DataNodes can increase storage and
processing opportunities, although administrators must consider network capacity, balancing, replication, and
operational overhead.

A file may be divided into blocks such as Block A, Block B, and Block C. Each block can have several replicas
distributed across different DataNodes. If a DataNode fails, the system can use another replica. DataNodes periodically
communicate their health to the NameNode. The NameNode uses this information to detect failures and manage
replication. This separation between metadata management and data storage allows the system to scale across many
machines. Modern Hadoop deployments can also use high-availability arrangements for the NameNode role so that a
single NameNode failure does not make the whole filesystem unavailable.

1 Identify the data source and workload.

2 Identify the component responsible for storing, processing, serving, or coordinating it.

3 Determine how the workload is divided or distributed.

4 Identify how the system handles growth and failures.

5 Identify the output and who consumes it.

Heavy-data scenario
Imagine a 2-terabyte analytics file stored across a cluster. The file is not treated as one enormous object on one
machine. Its blocks are distributed, allowing several machines to participate in storage and later processing. If one
server fails, replicas provide recovery options. At larger scale, the same workload can involve many files, partitions,
nodes, processing tasks, database records, and web requests. The design must prevent one component from
becoming an uncontrolled bottleneck.

Key idea: The important question is not simply which technology is named, but why that component is appropriate for
the workload.
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HDFS Architecture — Design, Benefits and Limitations

3. Practical design discussion

Design factor Questions to consider

Scale How much data exists? How fast is it growing?

Performance Is the workload throughput-oriented or latency-sensitive?

Reliability What happens if a node, job, database, or network link fails?

Scalability Can more nodes/workers/servers be added?

Data model What structure matches the expected access pattern?

Security Who can access or modify the information?

Operations How are monitoring, backup, recovery, and cost handled?

Advantages
• Supports systematic handling of large datasets and workloads.

• Allows specialized components to handle specialized responsibilities.

• Can scale horizontally when the architecture supports partitioning.

• Separates heavy analytics from fast serving when designed correctly.

Limitations and common mistakes
• Distributed systems introduce coordination and operational complexity.

• Poor partitioning can create hot spots or uneven workload.

• Using a heavy analytics engine for every web request can create unacceptable latency.

• Choosing a database by popularity rather than access pattern can cause poor performance.

• More data does not automatically mean better analytics.

Industry connection
Imagine a 2-terabyte analytics file stored across a cluster. The file is not treated as one enormous object on one
machine. Its blocks are distributed, allowing several machines to participate in storage and later processing. If one
server fails, replicas provide recovery options. In production, teams also monitor throughput, latency, failures,
resource utilization, data freshness, and cost.

Key idea: The strongest architecture balances scale, performance, reliability, simplicity, and business purpose.
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UNIT III — BIG DATA STORAGE

HDFS Blocks, Replication and Fault Tolerance

1. Concept and foundation

HDFS divides files into large blocks. A block is the unit used for distributed storage and replication. Large block sizes
reduce metadata overhead and make large sequential reads efficient. Replication means maintaining multiple copies of
each block. If a block has a replication factor of three, the system aims to keep three copies on appropriate nodes. The
exact placement strategy considers failure domains so that copies are not unnecessarily concentrated on one machine
or location.

Problem → Architecture component → Processing/storage behavior → Result

Suppose a file contains blocks A, B, and C. HDFS may place A on DataNodes 1, 2, and 4; B on 2, 3, and 5; and C on 1,
3, and 6. If DataNode 2 fails, another copy can be used. The NameNode can later arrange for replacement replicas so
the desired replication level is restored. Fault tolerance therefore includes both immediate recovery and background
repair. The system must detect failures and eventually return the cluster to a healthy replication state.

Real-time example
A large media company may store enormous collections of video-processing inputs. A disk failure should not destroy
an entire project dataset. Replicated blocks allow processing to continue while the cluster restores missing replicas.

Key idea: Replication improves durability and availability but consumes extra storage. A replication factor of three
means more physical storage is used than the logical file size. The organization therefore balances reliability, cost,
and performance. HDFS is also designed around large-scale workloads, so many tiny files can create metadata
pressure. File layout should therefore be designed carefully when building large data lakes.



Big Data Analytics — Units III, IV & V Page 10

HDFS Blocks, Replication and Fault Tolerance — Detailed Working

2. How the concept operates in a real system

Replication improves durability and availability but consumes extra storage. A replication factor of three means more
physical storage is used than the logical file size. The organization therefore balances reliability, cost, and performance.
HDFS is also designed around large-scale workloads, so many tiny files can create metadata pressure. File layout
should therefore be designed carefully when building large data lakes.

Suppose a file contains blocks A, B, and C. HDFS may place A on DataNodes 1, 2, and 4; B on 2, 3, and 5; and C on 1,
3, and 6. If DataNode 2 fails, another copy can be used. The NameNode can later arrange for replacement replicas so
the desired replication level is restored. Fault tolerance therefore includes both immediate recovery and background
repair. The system must detect failures and eventually return the cluster to a healthy replication state.

1 Identify the data source and workload.

2 Identify the component responsible for storing, processing, serving, or coordinating it.

3 Determine how the workload is divided or distributed.

4 Identify how the system handles growth and failures.

5 Identify the output and who consumes it.

Heavy-data scenario
A large media company may store enormous collections of video-processing inputs. A disk failure should not destroy
an entire project dataset. Replicated blocks allow processing to continue while the cluster restores missing replicas. At
larger scale, the same workload can involve many files, partitions, nodes, processing tasks, database records, and
web requests. The design must prevent one component from becoming an uncontrolled bottleneck.

Key idea: The important question is not simply which technology is named, but why that component is appropriate for
the workload.
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HDFS Blocks, Replication and Fault Tolerance — Design, Benefits and
Limitations

3. Practical design discussion

Design factor Questions to consider

Scale How much data exists? How fast is it growing?

Performance Is the workload throughput-oriented or latency-sensitive?

Reliability What happens if a node, job, database, or network link fails?

Scalability Can more nodes/workers/servers be added?

Data model What structure matches the expected access pattern?

Security Who can access or modify the information?

Operations How are monitoring, backup, recovery, and cost handled?

Advantages
• Supports systematic handling of large datasets and workloads.

• Allows specialized components to handle specialized responsibilities.

• Can scale horizontally when the architecture supports partitioning.

• Separates heavy analytics from fast serving when designed correctly.

Limitations and common mistakes
• Distributed systems introduce coordination and operational complexity.

• Poor partitioning can create hot spots or uneven workload.

• Using a heavy analytics engine for every web request can create unacceptable latency.

• Choosing a database by popularity rather than access pattern can cause poor performance.

• More data does not automatically mean better analytics.

Industry connection
A large media company may store enormous collections of video-processing inputs. A disk failure should not destroy
an entire project dataset. Replicated blocks allow processing to continue while the cluster restores missing replicas. In
production, teams also monitor throughput, latency, failures, resource utilization, data freshness, and cost.

Key idea: The strongest architecture balances scale, performance, reliability, simplicity, and business purpose.
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UNIT III — BIG DATA STORAGE

HDFS Read and Write Operations

1. Concept and foundation

HDFS read and write operations illustrate the division between metadata management and actual data transfer. A client
first contacts the NameNode for information about the file and its blocks. Data transfer then happens between the client
and DataNodes. For writing, the client requests permission to create a file and receives a pipeline of DataNodes for
block replication. The data is sent through the pipeline, allowing replicas to be created as the data moves.

Problem → Architecture component → Processing/storage behavior → Result

During a write, the client may send data to DataNode A, which forwards it to DataNode B, which forwards it to
DataNode C. Acknowledgements travel back through the pipeline. This creates replicated copies without requiring the
client to independently send the same data three times. During a read, the client chooses an appropriate replica, often
considering network proximity. If one DataNode is unavailable, another replica can be used.

Real-time example
A clickstream archive may be written continuously in large files. Once stored, batch jobs can read the files in parallel.
The architecture supports high-throughput data movement rather than tiny, low-latency transactions.

Key idea: HDFS operations are optimized for throughput. This is why HDFS is a strong fit for batch analytics but not
usually the first choice for workloads that require millions of tiny random updates with strict transaction semantics.
Understanding this difference helps students see why distributed file systems and serving databases have different
roles.
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HDFS Read and Write Operations — Detailed Working

2. How the concept operates in a real system

HDFS operations are optimized for throughput. This is why HDFS is a strong fit for batch analytics but not usually the
first choice for workloads that require millions of tiny random updates with strict transaction semantics. Understanding
this difference helps students see why distributed file systems and serving databases have different roles.

During a write, the client may send data to DataNode A, which forwards it to DataNode B, which forwards it to
DataNode C. Acknowledgements travel back through the pipeline. This creates replicated copies without requiring the
client to independently send the same data three times. During a read, the client chooses an appropriate replica, often
considering network proximity. If one DataNode is unavailable, another replica can be used.

1 Identify the data source and workload.

2 Identify the component responsible for storing, processing, serving, or coordinating it.

3 Determine how the workload is divided or distributed.

4 Identify how the system handles growth and failures.

5 Identify the output and who consumes it.

Heavy-data scenario
A clickstream archive may be written continuously in large files. Once stored, batch jobs can read the files in parallel.
The architecture supports high-throughput data movement rather than tiny, low-latency transactions. At larger scale,
the same workload can involve many files, partitions, nodes, processing tasks, database records, and web requests.
The design must prevent one component from becoming an uncontrolled bottleneck.

Key idea: The important question is not simply which technology is named, but why that component is appropriate for
the workload.
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HDFS Read and Write Operations — Design, Benefits and Limitations

3. Practical design discussion

Design factor Questions to consider

Scale How much data exists? How fast is it growing?

Performance Is the workload throughput-oriented or latency-sensitive?

Reliability What happens if a node, job, database, or network link fails?

Scalability Can more nodes/workers/servers be added?

Data model What structure matches the expected access pattern?

Security Who can access or modify the information?

Operations How are monitoring, backup, recovery, and cost handled?

Advantages
• Supports systematic handling of large datasets and workloads.

• Allows specialized components to handle specialized responsibilities.

• Can scale horizontally when the architecture supports partitioning.

• Separates heavy analytics from fast serving when designed correctly.

Limitations and common mistakes
• Distributed systems introduce coordination and operational complexity.

• Poor partitioning can create hot spots or uneven workload.

• Using a heavy analytics engine for every web request can create unacceptable latency.

• Choosing a database by popularity rather than access pattern can cause poor performance.

• More data does not automatically mean better analytics.

Industry connection
A clickstream archive may be written continuously in large files. Once stored, batch jobs can read the files in parallel.
The architecture supports high-throughput data movement rather than tiny, low-latency transactions. In production,
teams also monitor throughput, latency, failures, resource utilization, data freshness, and cost.

Key idea: The strongest architecture balances scale, performance, reliability, simplicity, and business purpose.
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UNIT III — BIG DATA STORAGE

HDFS Advantages, Limitations and Use Cases

1. Concept and foundation

HDFS provides distributed storage, fault tolerance, horizontal scalability, high-throughput access, and close integration
with Hadoop processing tools. It can store datasets much larger than the capacity of one machine by spreading them
across a cluster. It is particularly useful for data lakes, log archives, historical analytics, large-scale ETL,
machine-learning datasets, and batch-processing workloads.

Problem → Architecture component → Processing/storage behavior → Result

Its limitations include higher complexity than a local filesystem, metadata pressure from huge numbers of small files,
and weaker suitability for low-latency transactional updates. HDFS is best understood as a large distributed storage
layer rather than a universal database. The system also requires administration, monitoring, capacity planning, security
controls, and careful cluster management.

Real-time example
A telecom company can retain large volumes of network logs in HDFS for historical analysis. Daily jobs can calculate
network quality statistics, identify recurring failures, and create datasets for forecasting. Operational systems can still
use specialized databases for immediate customer transactions.

Key idea: A good architecture often uses HDFS as one layer in a broader ecosystem. Raw data may be stored there,
batch engines process it, and results can be written to serving stores or dashboards. The important lesson is
separation of concerns: storage optimized for large-scale analytics is not automatically the best storage for every
application.
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HDFS Advantages, Limitations and Use Cases — Detailed Working

2. How the concept operates in a real system

A good architecture often uses HDFS as one layer in a broader ecosystem. Raw data may be stored there, batch
engines process it, and results can be written to serving stores or dashboards. The important lesson is separation of
concerns: storage optimized for large-scale analytics is not automatically the best storage for every application.

Its limitations include higher complexity than a local filesystem, metadata pressure from huge numbers of small files,
and weaker suitability for low-latency transactional updates. HDFS is best understood as a large distributed storage
layer rather than a universal database. The system also requires administration, monitoring, capacity planning, security
controls, and careful cluster management.

1 Identify the data source and workload.

2 Identify the component responsible for storing, processing, serving, or coordinating it.

3 Determine how the workload is divided or distributed.

4 Identify how the system handles growth and failures.

5 Identify the output and who consumes it.

Heavy-data scenario
A telecom company can retain large volumes of network logs in HDFS for historical analysis. Daily jobs can calculate
network quality statistics, identify recurring failures, and create datasets for forecasting. Operational systems can still
use specialized databases for immediate customer transactions. At larger scale, the same workload can involve many
files, partitions, nodes, processing tasks, database records, and web requests. The design must prevent one
component from becoming an uncontrolled bottleneck.

Key idea: The important question is not simply which technology is named, but why that component is appropriate for
the workload.
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HDFS Advantages, Limitations and Use Cases — Design, Benefits and
Limitations

3. Practical design discussion

Design factor Questions to consider

Scale How much data exists? How fast is it growing?

Performance Is the workload throughput-oriented or latency-sensitive?

Reliability What happens if a node, job, database, or network link fails?

Scalability Can more nodes/workers/servers be added?

Data model What structure matches the expected access pattern?

Security Who can access or modify the information?

Operations How are monitoring, backup, recovery, and cost handled?

Advantages
• Supports systematic handling of large datasets and workloads.

• Allows specialized components to handle specialized responsibilities.

• Can scale horizontally when the architecture supports partitioning.

• Separates heavy analytics from fast serving when designed correctly.

Limitations and common mistakes
• Distributed systems introduce coordination and operational complexity.

• Poor partitioning can create hot spots or uneven workload.

• Using a heavy analytics engine for every web request can create unacceptable latency.

• Choosing a database by popularity rather than access pattern can cause poor performance.

• More data does not automatically mean better analytics.

Industry connection
A telecom company can retain large volumes of network logs in HDFS for historical analysis. Daily jobs can calculate
network quality statistics, identify recurring failures, and create datasets for forecasting. Operational systems can still
use specialized databases for immediate customer transactions. In production, teams also monitor throughput,
latency, failures, resource utilization, data freshness, and cost.

Key idea: The strongest architecture balances scale, performance, reliability, simplicity, and business purpose.
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UNIT III — SCALA AND SPARK

Scala for Big Data and Spark

1. Concept and foundation

Scala is a programming language that combines object-oriented and functional programming features. It has been
widely associated with Apache Spark because Spark itself was originally developed in Scala and exposes a strong
Scala API. Scala's functional programming features are useful for distributed data processing because transformations
can often be expressed as operations over collections or distributed datasets. Concepts such as functions, immutable
values, higher-order functions, and concise syntax are valuable when constructing data-processing pipelines.

Problem → Architecture component → Processing/storage behavior → Result

In Spark, developers can express transformations such as map, filter, reduce, groupBy, and aggregation. Spark's
execution engine then builds a logical plan and executes the required operations across the cluster. Scala is not
mandatory for Spark. Spark also supports Python, Java, and other APIs. However, understanding Scala helps students
understand Spark's original programming model and functional style.

Real-time example
A data engineer might use Scala to read a large dataset, filter invalid records, transform fields, group events by
category, and calculate aggregates. The same conceptual operations can be implemented in PySpark, but Scala
shows the functional style very clearly.

Key idea: Scala is valuable educationally because it teaches students to think in transformations rather than explicit
loops over every machine. Distributed data processing benefits from expressing what should happen to data while the
engine decides how to distribute the computation. Spark also introduced higher-level APIs that allow users to work
with DataFrames and SQL, reducing the need to manage low-level distributed details manually.
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Scala for Big Data and Spark — Detailed Working

2. How the concept operates in a real system

Scala is valuable educationally because it teaches students to think in transformations rather than explicit loops over
every machine. Distributed data processing benefits from expressing what should happen to data while the engine
decides how to distribute the computation. Spark also introduced higher-level APIs that allow users to work with
DataFrames and SQL, reducing the need to manage low-level distributed details manually.

In Spark, developers can express transformations such as map, filter, reduce, groupBy, and aggregation. Spark's
execution engine then builds a logical plan and executes the required operations across the cluster. Scala is not
mandatory for Spark. Spark also supports Python, Java, and other APIs. However, understanding Scala helps students
understand Spark's original programming model and functional style.

1 Identify the data source and workload.

2 Identify the component responsible for storing, processing, serving, or coordinating it.

3 Determine how the workload is divided or distributed.

4 Identify how the system handles growth and failures.

5 Identify the output and who consumes it.

Heavy-data scenario
A data engineer might use Scala to read a large dataset, filter invalid records, transform fields, group events by
category, and calculate aggregates. The same conceptual operations can be implemented in PySpark, but Scala
shows the functional style very clearly. At larger scale, the same workload can involve many files, partitions, nodes,
processing tasks, database records, and web requests. The design must prevent one component from becoming an
uncontrolled bottleneck.

Key idea: The important question is not simply which technology is named, but why that component is appropriate for
the workload.
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Scala for Big Data and Spark — Design, Benefits and Limitations

3. Practical design discussion

Design factor Questions to consider

Scale How much data exists? How fast is it growing?

Performance Is the workload throughput-oriented or latency-sensitive?

Reliability What happens if a node, job, database, or network link fails?

Scalability Can more nodes/workers/servers be added?

Data model What structure matches the expected access pattern?

Security Who can access or modify the information?

Operations How are monitoring, backup, recovery, and cost handled?

Advantages
• Supports systematic handling of large datasets and workloads.

• Allows specialized components to handle specialized responsibilities.

• Can scale horizontally when the architecture supports partitioning.

• Separates heavy analytics from fast serving when designed correctly.

Limitations and common mistakes
• Distributed systems introduce coordination and operational complexity.

• Poor partitioning can create hot spots or uneven workload.

• Using a heavy analytics engine for every web request can create unacceptable latency.

• Choosing a database by popularity rather than access pattern can cause poor performance.

• More data does not automatically mean better analytics.

Industry connection
A data engineer might use Scala to read a large dataset, filter invalid records, transform fields, group events by
category, and calculate aggregates. The same conceptual operations can be implemented in PySpark, but Scala
shows the functional style very clearly. In production, teams also monitor throughput, latency, failures, resource
utilization, data freshness, and cost.

Key idea: The strongest architecture balances scale, performance, reliability, simplicity, and business purpose.
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UNIT III — SCALA AND SPARK

Apache Spark Architecture

1. Concept and foundation

Apache Spark is a distributed data-processing engine designed for large-scale computation. It supports batch
processing, interactive analytics, streaming, machine learning, and graph processing through a unified ecosystem. A
Spark application generally includes a driver program and executor processes. The driver coordinates the application,
builds execution plans, and schedules work. Executors run tasks on worker nodes and can cache or process data.

Problem → Architecture component → Processing/storage behavior → Result

Spark divides computations into jobs, stages, and tasks. An action such as collecting a result or writing output can
trigger execution of the transformations that precede it. Spark's DAG-based execution model allows it to understand
dependencies between transformations and optimize execution. Narrow transformations can often be processed
without a large shuffle, while wide transformations such as groupBy may require data movement across partitions.

Real-time example
Suppose a company analyzes billions of web events. Spark can partition the events across executors, filter irrelevant
records, aggregate events by page or customer segment, and write the results to storage. Multiple executors work in
parallel.

Key idea: Spark can cache data that is reused across operations, which can be valuable for iterative analytics and
machine learning. However, caching is not free; it consumes memory and must be used deliberately. The key idea is
that Spark hides much of the distributed coordination while still allowing developers to write high-level data-processing
logic.
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Apache Spark Architecture — Detailed Working

2. How the concept operates in a real system

Spark can cache data that is reused across operations, which can be valuable for iterative analytics and machine
learning. However, caching is not free; it consumes memory and must be used deliberately. The key idea is that Spark
hides much of the distributed coordination while still allowing developers to write high-level data-processing logic.

Spark divides computations into jobs, stages, and tasks. An action such as collecting a result or writing output can
trigger execution of the transformations that precede it. Spark's DAG-based execution model allows it to understand
dependencies between transformations and optimize execution. Narrow transformations can often be processed
without a large shuffle, while wide transformations such as groupBy may require data movement across partitions.

1 Identify the data source and workload.

2 Identify the component responsible for storing, processing, serving, or coordinating it.

3 Determine how the workload is divided or distributed.

4 Identify how the system handles growth and failures.

5 Identify the output and who consumes it.

Heavy-data scenario
Suppose a company analyzes billions of web events. Spark can partition the events across executors, filter irrelevant
records, aggregate events by page or customer segment, and write the results to storage. Multiple executors work in
parallel. At larger scale, the same workload can involve many files, partitions, nodes, processing tasks, database
records, and web requests. The design must prevent one component from becoming an uncontrolled bottleneck.

Key idea: The important question is not simply which technology is named, but why that component is appropriate for
the workload.
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Apache Spark Architecture — Design, Benefits and Limitations

3. Practical design discussion

Design factor Questions to consider

Scale How much data exists? How fast is it growing?

Performance Is the workload throughput-oriented or latency-sensitive?

Reliability What happens if a node, job, database, or network link fails?

Scalability Can more nodes/workers/servers be added?

Data model What structure matches the expected access pattern?

Security Who can access or modify the information?

Operations How are monitoring, backup, recovery, and cost handled?

Advantages
• Supports systematic handling of large datasets and workloads.

• Allows specialized components to handle specialized responsibilities.

• Can scale horizontally when the architecture supports partitioning.

• Separates heavy analytics from fast serving when designed correctly.

Limitations and common mistakes
• Distributed systems introduce coordination and operational complexity.

• Poor partitioning can create hot spots or uneven workload.

• Using a heavy analytics engine for every web request can create unacceptable latency.

• Choosing a database by popularity rather than access pattern can cause poor performance.

• More data does not automatically mean better analytics.

Industry connection
Suppose a company analyzes billions of web events. Spark can partition the events across executors, filter irrelevant
records, aggregate events by page or customer segment, and write the results to storage. Multiple executors work in
parallel. In production, teams also monitor throughput, latency, failures, resource utilization, data freshness, and cost.

Key idea: The strongest architecture balances scale, performance, reliability, simplicity, and business purpose.
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UNIT III — SCALA AND SPARK

Spark RDDs, DataFrames and SQL

1. Concept and foundation

Spark's Resilient Distributed Dataset (RDD) is a distributed collection abstraction that supports parallel transformations
and fault recovery through lineage. DataFrames provide a higher-level tabular abstraction with named columns and
optimization opportunities. Spark SQL allows users to query structured data using SQL expressions. RDDs are useful
for understanding Spark's distributed programming model. DataFrames and SQL are often preferable for structured
analytics because the engine can optimize the logical operations more aggressively.

Problem → Architecture component → Processing/storage behavior → Result

An RDD transformation such as map or filter produces another RDD without immediately executing the computation.
Spark uses lazy evaluation: transformations describe what should be done, while actions trigger execution. A
DataFrame lets the user describe operations such as select, filter, join, groupBy, and aggregate. Spark can optimize
the plan before running it across the cluster.

Real-time example
A company may store customer transactions as structured records. A Spark DataFrame can filter transactions from a
time period, join them with customer information, group by region, and calculate total sales. SQL can express the
same analytical task in a familiar way.

Key idea: The abstraction level matters. RDDs provide more control but can require more manual reasoning.
DataFrames and SQL allow the engine to optimize common analytical patterns. Understanding both levels helps
students see how distributed processing evolved from explicit data structures toward declarative analytics.
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Spark RDDs, DataFrames and SQL — Detailed Working

2. How the concept operates in a real system

The abstraction level matters. RDDs provide more control but can require more manual reasoning. DataFrames and
SQL allow the engine to optimize common analytical patterns. Understanding both levels helps students see how
distributed processing evolved from explicit data structures toward declarative analytics.

An RDD transformation such as map or filter produces another RDD without immediately executing the computation.
Spark uses lazy evaluation: transformations describe what should be done, while actions trigger execution. A
DataFrame lets the user describe operations such as select, filter, join, groupBy, and aggregate. Spark can optimize
the plan before running it across the cluster.

1 Identify the data source and workload.

2 Identify the component responsible for storing, processing, serving, or coordinating it.

3 Determine how the workload is divided or distributed.

4 Identify how the system handles growth and failures.

5 Identify the output and who consumes it.

Heavy-data scenario
A company may store customer transactions as structured records. A Spark DataFrame can filter transactions from a
time period, join them with customer information, group by region, and calculate total sales. SQL can express the
same analytical task in a familiar way. At larger scale, the same workload can involve many files, partitions, nodes,
processing tasks, database records, and web requests. The design must prevent one component from becoming an
uncontrolled bottleneck.

Key idea: The important question is not simply which technology is named, but why that component is appropriate for
the workload.
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Spark RDDs, DataFrames and SQL — Design, Benefits and Limitations

3. Practical design discussion

Design factor Questions to consider

Scale How much data exists? How fast is it growing?

Performance Is the workload throughput-oriented or latency-sensitive?

Reliability What happens if a node, job, database, or network link fails?

Scalability Can more nodes/workers/servers be added?

Data model What structure matches the expected access pattern?

Security Who can access or modify the information?

Operations How are monitoring, backup, recovery, and cost handled?

Advantages
• Supports systematic handling of large datasets and workloads.

• Allows specialized components to handle specialized responsibilities.

• Can scale horizontally when the architecture supports partitioning.

• Separates heavy analytics from fast serving when designed correctly.

Limitations and common mistakes
• Distributed systems introduce coordination and operational complexity.

• Poor partitioning can create hot spots or uneven workload.

• Using a heavy analytics engine for every web request can create unacceptable latency.

• Choosing a database by popularity rather than access pattern can cause poor performance.

• More data does not automatically mean better analytics.

Industry connection
A company may store customer transactions as structured records. A Spark DataFrame can filter transactions from a
time period, join them with customer information, group by region, and calculate total sales. SQL can express the
same analytical task in a familiar way. In production, teams also monitor throughput, latency, failures, resource
utilization, data freshness, and cost.

Key idea: The strongest architecture balances scale, performance, reliability, simplicity, and business purpose.
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UNIT IV — BATCH ANALYSIS

Hadoop and MapReduce

1. Concept and foundation

Hadoop is an ecosystem for distributed storage and batch processing. Its traditional core includes HDFS for storage
and MapReduce for distributed computation, along with other ecosystem components. MapReduce breaks a large
computation into map and reduce stages. Input data is divided into chunks and processed in parallel. Intermediate
key-value pairs are grouped, and reducers aggregate or transform those groups.

Problem → Architecture component → Processing/storage behavior → Result

A MapReduce job begins by reading input from distributed storage. Mapper tasks process input splits and emit
intermediate records. The shuffle and sort phase groups records by key. Reducers process each group and write
output. The model is powerful because failures can be handled at task level and computation can be distributed across
many machines. It is particularly suitable for large batch jobs that can be expressed as independent transformations
followed by aggregation.

Real-time example
A news company may have millions of articles. A MapReduce job can count words, identify article categories,
aggregate mentions by topic, or calculate statistics by publication date. Each mapper handles a portion of the articles
and reducers combine the intermediate results.

Key idea: MapReduce is conceptually important even when modern systems use Spark or other engines. It teaches
partitioning, parallel execution, shuffle, aggregation, fault tolerance, and data locality. Its limitation is that complex
multi-stage workflows can involve repeated disk I/O and may be slower than engines designed for in-memory or
optimized DAG processing.
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Hadoop and MapReduce — Detailed Working

2. How the concept operates in a real system

MapReduce is conceptually important even when modern systems use Spark or other engines. It teaches partitioning,
parallel execution, shuffle, aggregation, fault tolerance, and data locality. Its limitation is that complex multi-stage
workflows can involve repeated disk I/O and may be slower than engines designed for in-memory or optimized DAG
processing.

A MapReduce job begins by reading input from distributed storage. Mapper tasks process input splits and emit
intermediate records. The shuffle and sort phase groups records by key. Reducers process each group and write
output. The model is powerful because failures can be handled at task level and computation can be distributed across
many machines. It is particularly suitable for large batch jobs that can be expressed as independent transformations
followed by aggregation.

1 Identify the data source and workload.

2 Identify the component responsible for storing, processing, serving, or coordinating it.

3 Determine how the workload is divided or distributed.

4 Identify how the system handles growth and failures.

5 Identify the output and who consumes it.

Heavy-data scenario
A news company may have millions of articles. A MapReduce job can count words, identify article categories,
aggregate mentions by topic, or calculate statistics by publication date. Each mapper handles a portion of the articles
and reducers combine the intermediate results. At larger scale, the same workload can involve many files, partitions,
nodes, processing tasks, database records, and web requests. The design must prevent one component from
becoming an uncontrolled bottleneck.

Key idea: The important question is not simply which technology is named, but why that component is appropriate for
the workload.
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Hadoop and MapReduce — Design, Benefits and Limitations

3. Practical design discussion

Design factor Questions to consider

Scale How much data exists? How fast is it growing?

Performance Is the workload throughput-oriented or latency-sensitive?

Reliability What happens if a node, job, database, or network link fails?

Scalability Can more nodes/workers/servers be added?

Data model What structure matches the expected access pattern?

Security Who can access or modify the information?

Operations How are monitoring, backup, recovery, and cost handled?

Advantages
• Supports systematic handling of large datasets and workloads.

• Allows specialized components to handle specialized responsibilities.

• Can scale horizontally when the architecture supports partitioning.

• Separates heavy analytics from fast serving when designed correctly.

Limitations and common mistakes
• Distributed systems introduce coordination and operational complexity.

• Poor partitioning can create hot spots or uneven workload.

• Using a heavy analytics engine for every web request can create unacceptable latency.

• Choosing a database by popularity rather than access pattern can cause poor performance.

• More data does not automatically mean better analytics.

Industry connection
A news company may have millions of articles. A MapReduce job can count words, identify article categories,
aggregate mentions by topic, or calculate statistics by publication date. Each mapper handles a portion of the articles
and reducers combine the intermediate results. In production, teams also monitor throughput, latency, failures,
resource utilization, data freshness, and cost.

Key idea: The strongest architecture balances scale, performance, reliability, simplicity, and business purpose.
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UNIT IV — BATCH ANALYSIS

Hadoop MapReduce Examples

1. Concept and foundation

MapReduce can solve many common Big Data tasks. Examples include word count, inverted index construction, log
analysis, sales aggregation, maximum/minimum calculation, and grouping records by key. The basic pattern is to
transform each input record into one or more key-value pairs and then combine values associated with the same key.

Problem → Architecture component → Processing/storage behavior → Result

For word count, the mapper reads text and emits (word, 1). Shuffle groups all values for each word. The reducer sums
them to produce (word, total). For sales analysis, the mapper can emit (productID, amount). The reducer sums all
amounts associated with each product. For regional analysis, the key can be region and the value can contain sales or
transaction information.

Real-time example
A video platform can count how many times each category appears in a large collection of viewing events. Mappers
process separate files or partitions; reducers combine category counts.

Key idea: MapReduce examples demonstrate a broader pattern: choose a key that defines the grouping needed for
the result. Poor key design can create skew, where one reducer receives a disproportionate amount of data.
Combining partial results early can reduce network traffic. The shuffle stage is often one of the most expensive parts
of distributed batch processing.
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Hadoop MapReduce Examples — Detailed Working

2. How the concept operates in a real system

MapReduce examples demonstrate a broader pattern: choose a key that defines the grouping needed for the result.
Poor key design can create skew, where one reducer receives a disproportionate amount of data. Combining partial
results early can reduce network traffic. The shuffle stage is often one of the most expensive parts of distributed batch
processing.

For word count, the mapper reads text and emits (word, 1). Shuffle groups all values for each word. The reducer sums
them to produce (word, total). For sales analysis, the mapper can emit (productID, amount). The reducer sums all
amounts associated with each product. For regional analysis, the key can be region and the value can contain sales or
transaction information.

1 Identify the data source and workload.

2 Identify the component responsible for storing, processing, serving, or coordinating it.

3 Determine how the workload is divided or distributed.

4 Identify how the system handles growth and failures.

5 Identify the output and who consumes it.

Heavy-data scenario
A video platform can count how many times each category appears in a large collection of viewing events. Mappers
process separate files or partitions; reducers combine category counts. At larger scale, the same workload can involve
many files, partitions, nodes, processing tasks, database records, and web requests. The design must prevent one
component from becoming an uncontrolled bottleneck.

Key idea: The important question is not simply which technology is named, but why that component is appropriate for
the workload.
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Hadoop MapReduce Examples — Design, Benefits and Limitations

3. Practical design discussion

Design factor Questions to consider

Scale How much data exists? How fast is it growing?

Performance Is the workload throughput-oriented or latency-sensitive?

Reliability What happens if a node, job, database, or network link fails?

Scalability Can more nodes/workers/servers be added?

Data model What structure matches the expected access pattern?

Security Who can access or modify the information?

Operations How are monitoring, backup, recovery, and cost handled?

Advantages
• Supports systematic handling of large datasets and workloads.

• Allows specialized components to handle specialized responsibilities.

• Can scale horizontally when the architecture supports partitioning.

• Separates heavy analytics from fast serving when designed correctly.

Limitations and common mistakes
• Distributed systems introduce coordination and operational complexity.

• Poor partitioning can create hot spots or uneven workload.

• Using a heavy analytics engine for every web request can create unacceptable latency.

• Choosing a database by popularity rather than access pattern can cause poor performance.

• More data does not automatically mean better analytics.

Industry connection
A video platform can count how many times each category appears in a large collection of viewing events. Mappers
process separate files or partitions; reducers combine category counts. In production, teams also monitor throughput,
latency, failures, resource utilization, data freshness, and cost.

Key idea: The strongest architecture balances scale, performance, reliability, simplicity, and business purpose.
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UNIT IV — BATCH ANALYSIS

Pig

1. Concept and foundation

Apache Pig is a high-level data-flow platform and scripting language designed to simplify large-scale data processing.
Its language, Pig Latin, allows users to express transformations such as loading data, filtering records, grouping values,
joining datasets, and storing results. Pig was designed to make Hadoop processing more accessible than writing
low-level MapReduce programs for every task.

Problem → Architecture component → Processing/storage behavior → Result

A Pig script describes a sequence of data transformations. The Pig environment can translate the logical flow into
execution operations on the underlying platform. For example, a user can load a collection of logs, filter error records,
group them by service, count errors, and store the result. The script expresses the data flow without requiring the
developer to manually implement every MapReduce detail.

Real-time example
A media organization can load article metadata, filter articles from a date range, group them by topic, calculate counts,
and write summary files. Pig Latin makes the workflow easier to express than a custom Java MapReduce
implementation.

Key idea: Pig is particularly useful for ETL-style workloads. Its strengths include readable data-flow scripts and
support for transformations common in batch data preparation. Its historical importance is significant in Hadoop
ecosystems, although modern analytics workloads often use Spark SQL, DataFrames, cloud data platforms, or other
higher-level tools.
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Pig — Detailed Working

2. How the concept operates in a real system

Pig is particularly useful for ETL-style workloads. Its strengths include readable data-flow scripts and support for
transformations common in batch data preparation. Its historical importance is significant in Hadoop ecosystems,
although modern analytics workloads often use Spark SQL, DataFrames, cloud data platforms, or other higher-level
tools.

A Pig script describes a sequence of data transformations. The Pig environment can translate the logical flow into
execution operations on the underlying platform. For example, a user can load a collection of logs, filter error records,
group them by service, count errors, and store the result. The script expresses the data flow without requiring the
developer to manually implement every MapReduce detail.

1 Identify the data source and workload.

2 Identify the component responsible for storing, processing, serving, or coordinating it.

3 Determine how the workload is divided or distributed.

4 Identify how the system handles growth and failures.

5 Identify the output and who consumes it.

Heavy-data scenario
A media organization can load article metadata, filter articles from a date range, group them by topic, calculate counts,
and write summary files. Pig Latin makes the workflow easier to express than a custom Java MapReduce
implementation. At larger scale, the same workload can involve many files, partitions, nodes, processing tasks,
database records, and web requests. The design must prevent one component from becoming an uncontrolled
bottleneck.

Key idea: The important question is not simply which technology is named, but why that component is appropriate for
the workload.
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Pig — Design, Benefits and Limitations

3. Practical design discussion

Design factor Questions to consider

Scale How much data exists? How fast is it growing?

Performance Is the workload throughput-oriented or latency-sensitive?

Reliability What happens if a node, job, database, or network link fails?

Scalability Can more nodes/workers/servers be added?

Data model What structure matches the expected access pattern?

Security Who can access or modify the information?

Operations How are monitoring, backup, recovery, and cost handled?

Advantages
• Supports systematic handling of large datasets and workloads.

• Allows specialized components to handle specialized responsibilities.

• Can scale horizontally when the architecture supports partitioning.

• Separates heavy analytics from fast serving when designed correctly.

Limitations and common mistakes
• Distributed systems introduce coordination and operational complexity.

• Poor partitioning can create hot spots or uneven workload.

• Using a heavy analytics engine for every web request can create unacceptable latency.

• Choosing a database by popularity rather than access pattern can cause poor performance.

• More data does not automatically mean better analytics.

Industry connection
A media organization can load article metadata, filter articles from a date range, group them by topic, calculate counts,
and write summary files. Pig Latin makes the workflow easier to express than a custom Java MapReduce
implementation. In production, teams also monitor throughput, latency, failures, resource utilization, data freshness,
and cost.

Key idea: The strongest architecture balances scale, performance, reliability, simplicity, and business purpose.
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UNIT IV — BATCH ANALYSIS

Case Study — Batch Analysis of News Articles

1. Concept and foundation

News articles are a useful Big Data case study because a large publisher may collect millions of articles from many
sources over long periods. The data can contain title, body text, author, publication time, source, category, tags, and
extracted entities. A batch analysis system can store article data, clean it, tokenize text, calculate word frequencies,
identify topics, aggregate source statistics, and generate reports.

Problem → Architecture component → Processing/storage behavior → Result

A possible pipeline is: collect article files → store raw data → clean text → tokenize → remove unwanted tokens →
calculate word counts → group by category or date → generate reports. MapReduce can process article partitions in
parallel. Mappers emit tokens or topic-related key-value pairs. Reducers combine them into global counts or
category-level summaries.

Real-time example
A publisher could ask: Which topics increased sharply this month? Which words are most common in sports articles?
Which sources publish the most articles about a particular subject? Which categories have the largest growth over
time? Batch analysis can answer these questions over a very large archive.

Key idea: The case study shows the full Big Data lifecycle. Raw data must be collected and prepared before analysis.
The analytical output can then be visualized as trend charts or dashboards. The same pipeline can later evolve toward
Spark-based processing, NLP models, or streaming analysis when the requirement changes from historical reporting
to near-real-time trend detection.
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Case Study — Batch Analysis of News Articles — Detailed Working

2. How the concept operates in a real system

The case study shows the full Big Data lifecycle. Raw data must be collected and prepared before analysis. The
analytical output can then be visualized as trend charts or dashboards. The same pipeline can later evolve toward
Spark-based processing, NLP models, or streaming analysis when the requirement changes from historical reporting to
near-real-time trend detection.

A possible pipeline is: collect article files → store raw data → clean text → tokenize → remove unwanted tokens →
calculate word counts → group by category or date → generate reports. MapReduce can process article partitions in
parallel. Mappers emit tokens or topic-related key-value pairs. Reducers combine them into global counts or
category-level summaries.

1 Identify the data source and workload.

2 Identify the component responsible for storing, processing, serving, or coordinating it.

3 Determine how the workload is divided or distributed.

4 Identify how the system handles growth and failures.

5 Identify the output and who consumes it.

Heavy-data scenario
A publisher could ask: Which topics increased sharply this month? Which words are most common in sports articles?
Which sources publish the most articles about a particular subject? Which categories have the largest growth over
time? Batch analysis can answer these questions over a very large archive. At larger scale, the same workload can
involve many files, partitions, nodes, processing tasks, database records, and web requests. The design must prevent
one component from becoming an uncontrolled bottleneck.

Key idea: The important question is not simply which technology is named, but why that component is appropriate for
the workload.
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Case Study — Batch Analysis of News Articles — Design, Benefits and
Limitations

3. Practical design discussion

Design factor Questions to consider

Scale How much data exists? How fast is it growing?

Performance Is the workload throughput-oriented or latency-sensitive?

Reliability What happens if a node, job, database, or network link fails?

Scalability Can more nodes/workers/servers be added?

Data model What structure matches the expected access pattern?

Security Who can access or modify the information?

Operations How are monitoring, backup, recovery, and cost handled?

Advantages
• Supports systematic handling of large datasets and workloads.

• Allows specialized components to handle specialized responsibilities.

• Can scale horizontally when the architecture supports partitioning.

• Separates heavy analytics from fast serving when designed correctly.

Limitations and common mistakes
• Distributed systems introduce coordination and operational complexity.

• Poor partitioning can create hot spots or uneven workload.

• Using a heavy analytics engine for every web request can create unacceptable latency.

• Choosing a database by popularity rather than access pattern can cause poor performance.

• More data does not automatically mean better analytics.

Industry connection
A publisher could ask: Which topics increased sharply this month? Which words are most common in sports articles?
Which sources publish the most articles about a particular subject? Which categories have the largest growth over
time? Batch analysis can answer these questions over a very large archive. In production, teams also monitor
throughput, latency, failures, resource utilization, data freshness, and cost.

Key idea: The strongest architecture balances scale, performance, reliability, simplicity, and business purpose.
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UNIT IV — BATCH ANALYSIS

Apache Oozie

1. Concept and foundation

Apache Oozie is a workflow scheduler system designed for Hadoop jobs and related data-processing tasks. It helps
organize jobs into workflows with dependencies and schedules. A complex batch pipeline may contain many steps. For
example: ingest data → clean data → run MapReduce → run Pig transformation → generate report. Running these
tasks manually is unreliable. A workflow system can define the dependencies and execute the stages in the correct
order.

Problem → Architecture component → Processing/storage behavior → Result

Oozie workflows can represent actions and control flow. A job can start only after a previous action succeeds. Failure
paths can trigger retries or error-handling actions. Oozie also supports coordination concepts for scheduled or
data-availability-driven workflows. This is useful when a job should run at a particular time or when required input
becomes available.

Real-time example
A news analytics organization may receive a daily article batch. The workflow can wait for the day's data, launch
preparation jobs, run MapReduce or Pig processing, create aggregates, and then publish results to a reporting store.

Key idea: Workflow orchestration is important because Big Data pipelines are rarely single programs. They are
chains of dependent operations. The broader lesson applies beyond Oozie: scheduling, dependency management,
retries, monitoring, and failure recovery are essential parts of production analytics engineering.
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Apache Oozie — Detailed Working

2. How the concept operates in a real system

Workflow orchestration is important because Big Data pipelines are rarely single programs. They are chains of
dependent operations. The broader lesson applies beyond Oozie: scheduling, dependency management, retries,
monitoring, and failure recovery are essential parts of production analytics engineering.

Oozie workflows can represent actions and control flow. A job can start only after a previous action succeeds. Failure
paths can trigger retries or error-handling actions. Oozie also supports coordination concepts for scheduled or
data-availability-driven workflows. This is useful when a job should run at a particular time or when required input
becomes available.

1 Identify the data source and workload.

2 Identify the component responsible for storing, processing, serving, or coordinating it.

3 Determine how the workload is divided or distributed.

4 Identify how the system handles growth and failures.

5 Identify the output and who consumes it.

Heavy-data scenario
A news analytics organization may receive a daily article batch. The workflow can wait for the day's data, launch
preparation jobs, run MapReduce or Pig processing, create aggregates, and then publish results to a reporting store.
At larger scale, the same workload can involve many files, partitions, nodes, processing tasks, database records, and
web requests. The design must prevent one component from becoming an uncontrolled bottleneck.

Key idea: The important question is not simply which technology is named, but why that component is appropriate for
the workload.
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Apache Oozie — Design, Benefits and Limitations

3. Practical design discussion

Design factor Questions to consider

Scale How much data exists? How fast is it growing?

Performance Is the workload throughput-oriented or latency-sensitive?

Reliability What happens if a node, job, database, or network link fails?

Scalability Can more nodes/workers/servers be added?

Data model What structure matches the expected access pattern?

Security Who can access or modify the information?

Operations How are monitoring, backup, recovery, and cost handled?

Advantages
• Supports systematic handling of large datasets and workloads.

• Allows specialized components to handle specialized responsibilities.

• Can scale horizontally when the architecture supports partitioning.

• Separates heavy analytics from fast serving when designed correctly.

Limitations and common mistakes
• Distributed systems introduce coordination and operational complexity.

• Poor partitioning can create hot spots or uneven workload.

• Using a heavy analytics engine for every web request can create unacceptable latency.

• Choosing a database by popularity rather than access pattern can cause poor performance.

• More data does not automatically mean better analytics.

Industry connection
A news analytics organization may receive a daily article batch. The workflow can wait for the day's data, launch
preparation jobs, run MapReduce or Pig processing, create aggregates, and then publish results to a reporting store.
In production, teams also monitor throughput, latency, failures, resource utilization, data freshness, and cost.

Key idea: The strongest architecture balances scale, performance, reliability, simplicity, and business purpose.
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UNIT IV — BATCH ANALYSIS

Apache Spark

1. Concept and foundation

Apache Spark is a distributed processing engine that supports batch analytics and many other workloads. Compared
with traditional MapReduce, Spark can keep appropriate intermediate data in memory and use an optimized DAG
execution model, reducing some repeated disk I/O. Spark provides APIs for Scala, Python, Java, and SQL. Its
ecosystem includes Spark SQL, Structured Streaming, MLlib, and GraphX-related capabilities.

Problem → Architecture component → Processing/storage behavior → Result

A Spark application reads data, applies transformations, and triggers actions. The engine creates an execution plan
and distributes tasks to executors. Spark can process data from HDFS and many other storage systems. A workflow
can therefore use distributed storage as the durable data layer and Spark as the computation engine.

Real-time example
A company may process several years of customer activity to create features for a recommendation model. Spark can
read the data in parallel, clean and join datasets, calculate aggregates, and produce model-ready data.

Key idea: Spark is not simply “faster Hadoop.” It represents a different processing architecture and programming
model. Its strengths include a unified engine, optimized execution, in-memory computation where beneficial, and rich
high-level APIs. Its performance still depends on partitioning, data formats, shuffle volume, memory, cluster
resources, and query design.
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Apache Spark — Detailed Working

2. How the concept operates in a real system

Spark is not simply “faster Hadoop.” It represents a different processing architecture and programming model. Its
strengths include a unified engine, optimized execution, in-memory computation where beneficial, and rich high-level
APIs. Its performance still depends on partitioning, data formats, shuffle volume, memory, cluster resources, and query
design.

A Spark application reads data, applies transformations, and triggers actions. The engine creates an execution plan
and distributes tasks to executors. Spark can process data from HDFS and many other storage systems. A workflow
can therefore use distributed storage as the durable data layer and Spark as the computation engine.

1 Identify the data source and workload.

2 Identify the component responsible for storing, processing, serving, or coordinating it.

3 Determine how the workload is divided or distributed.

4 Identify how the system handles growth and failures.

5 Identify the output and who consumes it.

Heavy-data scenario
A company may process several years of customer activity to create features for a recommendation model. Spark can
read the data in parallel, clean and join datasets, calculate aggregates, and produce model-ready data. At larger
scale, the same workload can involve many files, partitions, nodes, processing tasks, database records, and web
requests. The design must prevent one component from becoming an uncontrolled bottleneck.

Key idea: The important question is not simply which technology is named, but why that component is appropriate for
the workload.
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Apache Spark — Design, Benefits and Limitations

3. Practical design discussion

Design factor Questions to consider

Scale How much data exists? How fast is it growing?

Performance Is the workload throughput-oriented or latency-sensitive?

Reliability What happens if a node, job, database, or network link fails?

Scalability Can more nodes/workers/servers be added?

Data model What structure matches the expected access pattern?

Security Who can access or modify the information?

Operations How are monitoring, backup, recovery, and cost handled?

Advantages
• Supports systematic handling of large datasets and workloads.

• Allows specialized components to handle specialized responsibilities.

• Can scale horizontally when the architecture supports partitioning.

• Separates heavy analytics from fast serving when designed correctly.

Limitations and common mistakes
• Distributed systems introduce coordination and operational complexity.

• Poor partitioning can create hot spots or uneven workload.

• Using a heavy analytics engine for every web request can create unacceptable latency.

• Choosing a database by popularity rather than access pattern can cause poor performance.

• More data does not automatically mean better analytics.

Industry connection
A company may process several years of customer activity to create features for a recommendation model. Spark can
read the data in parallel, clean and join datasets, calculate aggregates, and produce model-ready data. In production,
teams also monitor throughput, latency, failures, resource utilization, data freshness, and cost.

Key idea: The strongest architecture balances scale, performance, reliability, simplicity, and business purpose.
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UNIT V — SERVING DATABASES

Relational (SQL) Databases

1. Concept and foundation

Relational databases organize information into tables containing rows and columns. They use a schema to define data
types and relationships. SQL provides a standard way to create, query, update, and manage structured data. Relational
systems are strong for transactional applications where consistency, constraints, joins, and well-defined relationships
are important.

Problem → Architecture component → Processing/storage behavior → Result

A banking application may use tables such as Customer, Account, Transaction, and Branch. Relationships connect
these tables using keys. SQL queries can join information, filter records, aggregate values, and enforce business rules.
Transactions are central to relational systems. A transaction can group multiple changes so the database maintains
appropriate consistency guarantees according to its configuration.

Real-time example
An online store can use SQL for orders, payments, customers, products, and inventory. A checkout transaction may
need several related updates to succeed consistently. SQL is a natural fit for these structured operations.

Key idea: Relational databases can scale vertically and can also use replication, partitioning, sharding, caching, and
distributed variants for larger workloads. Their strength is not simply that data is tabular. It is the combination of
structured schema, query language, relationships, constraints, transactions, and mature operational tooling.
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Relational (SQL) Databases — Detailed Working

2. How the concept operates in a real system

Relational databases can scale vertically and can also use replication, partitioning, sharding, caching, and distributed
variants for larger workloads. Their strength is not simply that data is tabular. It is the combination of structured
schema, query language, relationships, constraints, transactions, and mature operational tooling.

A banking application may use tables such as Customer, Account, Transaction, and Branch. Relationships connect
these tables using keys. SQL queries can join information, filter records, aggregate values, and enforce business rules.
Transactions are central to relational systems. A transaction can group multiple changes so the database maintains
appropriate consistency guarantees according to its configuration.

1 Identify the data source and workload.

2 Identify the component responsible for storing, processing, serving, or coordinating it.

3 Determine how the workload is divided or distributed.

4 Identify how the system handles growth and failures.

5 Identify the output and who consumes it.

Heavy-data scenario
An online store can use SQL for orders, payments, customers, products, and inventory. A checkout transaction may
need several related updates to succeed consistently. SQL is a natural fit for these structured operations. At larger
scale, the same workload can involve many files, partitions, nodes, processing tasks, database records, and web
requests. The design must prevent one component from becoming an uncontrolled bottleneck.

Key idea: The important question is not simply which technology is named, but why that component is appropriate for
the workload.
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Relational (SQL) Databases — Design, Benefits and Limitations

3. Practical design discussion

Design factor Questions to consider

Scale How much data exists? How fast is it growing?

Performance Is the workload throughput-oriented or latency-sensitive?

Reliability What happens if a node, job, database, or network link fails?

Scalability Can more nodes/workers/servers be added?

Data model What structure matches the expected access pattern?

Security Who can access or modify the information?

Operations How are monitoring, backup, recovery, and cost handled?

Advantages
• Supports systematic handling of large datasets and workloads.

• Allows specialized components to handle specialized responsibilities.

• Can scale horizontally when the architecture supports partitioning.

• Separates heavy analytics from fast serving when designed correctly.

Limitations and common mistakes
• Distributed systems introduce coordination and operational complexity.

• Poor partitioning can create hot spots or uneven workload.

• Using a heavy analytics engine for every web request can create unacceptable latency.

• Choosing a database by popularity rather than access pattern can cause poor performance.

• More data does not automatically mean better analytics.

Industry connection
An online store can use SQL for orders, payments, customers, products, and inventory. A checkout transaction may
need several related updates to succeed consistently. SQL is a natural fit for these structured operations. In
production, teams also monitor throughput, latency, failures, resource utilization, data freshness, and cost.

Key idea: The strongest architecture balances scale, performance, reliability, simplicity, and business purpose.
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UNIT V — SERVING DATABASES

Non-Relational (NoSQL) Databases

1. Concept and foundation

NoSQL is a broad category of database systems designed to support data models and scalability requirements that do
not always fit traditional relational approaches. NoSQL databases often emphasize flexible schemas, horizontal scaling,
high throughput, or access patterns specific to large distributed applications. The term NoSQL does not mean “no SQL
ever.” It mainly describes a family of non-relational approaches, many of which use APIs or query languages different
from traditional SQL.

Problem → Architecture component → Processing/storage behavior → Result

Common NoSQL models include key-value, document, column-family, and graph databases. Each model fits different
access patterns. Key-value stores are simple and fast for lookup by key. Document databases store semi-structured
records. Column-family databases organize data for distributed high-volume workloads. Graph databases represent
entities and relationships explicitly.

Real-time example
A large web application may use a relational database for core transactions and a NoSQL system for sessions, user
profiles, event data, content documents, or high-volume distributed workloads. Choosing between SQL and NoSQL
should depend on the actual access pattern rather than a belief that one is universally better.

Key idea: NoSQL systems often trade some relational capabilities for flexible schemas, scale, availability, or
specialized data access. Designers must understand consistency models, partitioning, replication, query capabilities,
and failure behavior. NoSQL is therefore best understood as a family of architectural choices rather than a single
technology.
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Non-Relational (NoSQL) Databases — Detailed Working

2. How the concept operates in a real system

NoSQL systems often trade some relational capabilities for flexible schemas, scale, availability, or specialized data
access. Designers must understand consistency models, partitioning, replication, query capabilities, and failure
behavior. NoSQL is therefore best understood as a family of architectural choices rather than a single technology.

Common NoSQL models include key-value, document, column-family, and graph databases. Each model fits different
access patterns. Key-value stores are simple and fast for lookup by key. Document databases store semi-structured
records. Column-family databases organize data for distributed high-volume workloads. Graph databases represent
entities and relationships explicitly.

1 Identify the data source and workload.

2 Identify the component responsible for storing, processing, serving, or coordinating it.

3 Determine how the workload is divided or distributed.

4 Identify how the system handles growth and failures.

5 Identify the output and who consumes it.

Heavy-data scenario
A large web application may use a relational database for core transactions and a NoSQL system for sessions, user
profiles, event data, content documents, or high-volume distributed workloads. Choosing between SQL and NoSQL
should depend on the actual access pattern rather than a belief that one is universally better. At larger scale, the same
workload can involve many files, partitions, nodes, processing tasks, database records, and web requests. The design
must prevent one component from becoming an uncontrolled bottleneck.

Key idea: The important question is not simply which technology is named, but why that component is appropriate for
the workload.
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Non-Relational (NoSQL) Databases — Design, Benefits and Limitations

3. Practical design discussion

Design factor Questions to consider

Scale How much data exists? How fast is it growing?

Performance Is the workload throughput-oriented or latency-sensitive?

Reliability What happens if a node, job, database, or network link fails?

Scalability Can more nodes/workers/servers be added?

Data model What structure matches the expected access pattern?

Security Who can access or modify the information?

Operations How are monitoring, backup, recovery, and cost handled?

Advantages
• Supports systematic handling of large datasets and workloads.

• Allows specialized components to handle specialized responsibilities.

• Can scale horizontally when the architecture supports partitioning.

• Separates heavy analytics from fast serving when designed correctly.

Limitations and common mistakes
• Distributed systems introduce coordination and operational complexity.

• Poor partitioning can create hot spots or uneven workload.

• Using a heavy analytics engine for every web request can create unacceptable latency.

• Choosing a database by popularity rather than access pattern can cause poor performance.

• More data does not automatically mean better analytics.

Industry connection
A large web application may use a relational database for core transactions and a NoSQL system for sessions, user
profiles, event data, content documents, or high-volume distributed workloads. Choosing between SQL and NoSQL
should depend on the actual access pattern rather than a belief that one is universally better. In production, teams
also monitor throughput, latency, failures, resource utilization, data freshness, and cost.

Key idea: The strongest architecture balances scale, performance, reliability, simplicity, and business purpose.
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UNIT V — NOSQL

Key-Value Databases

1. Concept and foundation

A key-value database stores information as pairs: a unique key and an associated value. The key is used to retrieve the
value directly. The value can be a simple string, number, serialized object, or other structure depending on the
database. This model is powerful when the application already knows the key used to retrieve data.

Problem → Architecture component → Processing/storage behavior → Result

Typical operations include put(key, value), get(key), update(key, value), and delete(key). The model avoids the need
for complex joins for straightforward lookups. Key-value systems are often useful for sessions, caches, configuration
values, counters, feature flags, and rapidly accessed application state. Distributed implementations can partition keys
across nodes and replicate data for availability.

Real-time example
An online shopping site can store a customer's active session using a session ID as the key. The value can contain
cart identifiers, login state, preferences, and temporary information. The application can retrieve the entire session
quickly using the key.

Key idea: The simplicity is both a strength and a limitation. If the application needs complex queries across many
values, a basic key-value model may be unsuitable. Good key design is essential because the key often determines
partition placement. Poor key distribution can create hot spots and uneven workload.
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Key-Value Databases — Detailed Working

2. How the concept operates in a real system

The simplicity is both a strength and a limitation. If the application needs complex queries across many values, a basic
key-value model may be unsuitable. Good key design is essential because the key often determines partition
placement. Poor key distribution can create hot spots and uneven workload.

Typical operations include put(key, value), get(key), update(key, value), and delete(key). The model avoids the need
for complex joins for straightforward lookups. Key-value systems are often useful for sessions, caches, configuration
values, counters, feature flags, and rapidly accessed application state. Distributed implementations can partition keys
across nodes and replicate data for availability.

1 Identify the data source and workload.

2 Identify the component responsible for storing, processing, serving, or coordinating it.

3 Determine how the workload is divided or distributed.

4 Identify how the system handles growth and failures.

5 Identify the output and who consumes it.

Heavy-data scenario
An online shopping site can store a customer's active session using a session ID as the key. The value can contain
cart identifiers, login state, preferences, and temporary information. The application can retrieve the entire session
quickly using the key. At larger scale, the same workload can involve many files, partitions, nodes, processing tasks,
database records, and web requests. The design must prevent one component from becoming an uncontrolled
bottleneck.

Key idea: The important question is not simply which technology is named, but why that component is appropriate for
the workload.
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Key-Value Databases — Design, Benefits and Limitations

3. Practical design discussion

Design factor Questions to consider

Scale How much data exists? How fast is it growing?

Performance Is the workload throughput-oriented or latency-sensitive?

Reliability What happens if a node, job, database, or network link fails?

Scalability Can more nodes/workers/servers be added?

Data model What structure matches the expected access pattern?

Security Who can access or modify the information?

Operations How are monitoring, backup, recovery, and cost handled?

Advantages
• Supports systematic handling of large datasets and workloads.

• Allows specialized components to handle specialized responsibilities.

• Can scale horizontally when the architecture supports partitioning.

• Separates heavy analytics from fast serving when designed correctly.

Limitations and common mistakes
• Distributed systems introduce coordination and operational complexity.

• Poor partitioning can create hot spots or uneven workload.

• Using a heavy analytics engine for every web request can create unacceptable latency.

• Choosing a database by popularity rather than access pattern can cause poor performance.

• More data does not automatically mean better analytics.

Industry connection
An online shopping site can store a customer's active session using a session ID as the key. The value can contain
cart identifiers, login state, preferences, and temporary information. The application can retrieve the entire session
quickly using the key. In production, teams also monitor throughput, latency, failures, resource utilization, data
freshness, and cost.

Key idea: The strongest architecture balances scale, performance, reliability, simplicity, and business purpose.
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UNIT V — NOSQL

Document Databases

1. Concept and foundation

Document databases store records as documents, often represented using JSON-like structures. A document can
contain nested objects and arrays, allowing related information to be stored together. Document databases are useful
when application data naturally maps to a document structure and when schema flexibility is valuable.

Problem → Architecture component → Processing/storage behavior → Result

A product document might contain product ID, name, price, categories, attributes, images, reviews, and inventory
information. Different products may contain different attributes without requiring every possible field to exist in a fixed
relational table. Applications can query fields within documents, create indexes, update selected properties, and store
nested structures.

Real-time example
A content platform can store articles as documents containing title, author information, tags, publication data,
paragraphs, images, and related links. The document structure can evolve as the application adds new content
features.

Key idea: Document databases can reduce the need for joins by storing data that is commonly accessed together in
one document. However, excessive duplication can create update complexity. The correct document boundary should
be driven by application access patterns: what data is normally read or changed together?
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Document Databases — Detailed Working

2. How the concept operates in a real system

Document databases can reduce the need for joins by storing data that is commonly accessed together in one
document. However, excessive duplication can create update complexity. The correct document boundary should be
driven by application access patterns: what data is normally read or changed together?

A product document might contain product ID, name, price, categories, attributes, images, reviews, and inventory
information. Different products may contain different attributes without requiring every possible field to exist in a fixed
relational table. Applications can query fields within documents, create indexes, update selected properties, and store
nested structures.

1 Identify the data source and workload.

2 Identify the component responsible for storing, processing, serving, or coordinating it.

3 Determine how the workload is divided or distributed.

4 Identify how the system handles growth and failures.

5 Identify the output and who consumes it.

Heavy-data scenario
A content platform can store articles as documents containing title, author information, tags, publication data,
paragraphs, images, and related links. The document structure can evolve as the application adds new content
features. At larger scale, the same workload can involve many files, partitions, nodes, processing tasks, database
records, and web requests. The design must prevent one component from becoming an uncontrolled bottleneck.

Key idea: The important question is not simply which technology is named, but why that component is appropriate for
the workload.
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Document Databases — Design, Benefits and Limitations

3. Practical design discussion

Design factor Questions to consider

Scale How much data exists? How fast is it growing?

Performance Is the workload throughput-oriented or latency-sensitive?

Reliability What happens if a node, job, database, or network link fails?

Scalability Can more nodes/workers/servers be added?

Data model What structure matches the expected access pattern?

Security Who can access or modify the information?

Operations How are monitoring, backup, recovery, and cost handled?

Advantages
• Supports systematic handling of large datasets and workloads.

• Allows specialized components to handle specialized responsibilities.

• Can scale horizontally when the architecture supports partitioning.

• Separates heavy analytics from fast serving when designed correctly.

Limitations and common mistakes
• Distributed systems introduce coordination and operational complexity.

• Poor partitioning can create hot spots or uneven workload.

• Using a heavy analytics engine for every web request can create unacceptable latency.

• Choosing a database by popularity rather than access pattern can cause poor performance.

• More data does not automatically mean better analytics.

Industry connection
A content platform can store articles as documents containing title, author information, tags, publication data,
paragraphs, images, and related links. The document structure can evolve as the application adds new content
features. In production, teams also monitor throughput, latency, failures, resource utilization, data freshness, and cost.

Key idea: The strongest architecture balances scale, performance, reliability, simplicity, and business purpose.



Big Data Analytics — Units III, IV & V Page 57

UNIT V — NOSQL

Column Family Databases

1. Concept and foundation

Column-family databases organize data into rows and column families designed for distributed storage and
high-throughput access. They are often used for very large datasets where predictable query patterns and horizontal
scalability are important. Unlike a traditional relational table, the physical organization is designed around distributed
access patterns rather than general-purpose relational joins.

Problem → Architecture component → Processing/storage behavior → Result

A wide-row model can store many related measurements under a row key. For example, a sensor system may use
device ID as the primary row identifier and organize time-based measurements so that readings can be retrieved
efficiently. Partition keys distribute rows across nodes. Good key design is critical for avoiding hot partitions and
ensuring balanced workload.

Real-time example
A telecommunications platform may store massive volumes of network events indexed by device, region, or time. A
column-family database can be designed to efficiently retrieve the records needed for operational analysis while
distributing data across a cluster.

Key idea: Column-family databases are powerful when access patterns are known in advance. They are less suitable
when users need arbitrary relational joins and constantly changing query patterns. This model teaches an important
Big Data lesson: data model and query pattern should be designed together.
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Column Family Databases — Detailed Working

2. How the concept operates in a real system

Column-family databases are powerful when access patterns are known in advance. They are less suitable when users
need arbitrary relational joins and constantly changing query patterns. This model teaches an important Big Data
lesson: data model and query pattern should be designed together.

A wide-row model can store many related measurements under a row key. For example, a sensor system may use
device ID as the primary row identifier and organize time-based measurements so that readings can be retrieved
efficiently. Partition keys distribute rows across nodes. Good key design is critical for avoiding hot partitions and
ensuring balanced workload.

1 Identify the data source and workload.

2 Identify the component responsible for storing, processing, serving, or coordinating it.

3 Determine how the workload is divided or distributed.

4 Identify how the system handles growth and failures.

5 Identify the output and who consumes it.

Heavy-data scenario
A telecommunications platform may store massive volumes of network events indexed by device, region, or time. A
column-family database can be designed to efficiently retrieve the records needed for operational analysis while
distributing data across a cluster. At larger scale, the same workload can involve many files, partitions, nodes,
processing tasks, database records, and web requests. The design must prevent one component from becoming an
uncontrolled bottleneck.

Key idea: The important question is not simply which technology is named, but why that component is appropriate for
the workload.
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Column Family Databases — Design, Benefits and Limitations

3. Practical design discussion

Design factor Questions to consider

Scale How much data exists? How fast is it growing?

Performance Is the workload throughput-oriented or latency-sensitive?

Reliability What happens if a node, job, database, or network link fails?

Scalability Can more nodes/workers/servers be added?

Data model What structure matches the expected access pattern?

Security Who can access or modify the information?

Operations How are monitoring, backup, recovery, and cost handled?

Advantages
• Supports systematic handling of large datasets and workloads.

• Allows specialized components to handle specialized responsibilities.

• Can scale horizontally when the architecture supports partitioning.

• Separates heavy analytics from fast serving when designed correctly.

Limitations and common mistakes
• Distributed systems introduce coordination and operational complexity.

• Poor partitioning can create hot spots or uneven workload.

• Using a heavy analytics engine for every web request can create unacceptable latency.

• Choosing a database by popularity rather than access pattern can cause poor performance.

• More data does not automatically mean better analytics.

Industry connection
A telecommunications platform may store massive volumes of network events indexed by device, region, or time. A
column-family database can be designed to efficiently retrieve the records needed for operational analysis while
distributing data across a cluster. In production, teams also monitor throughput, latency, failures, resource utilization,
data freshness, and cost.

Key idea: The strongest architecture balances scale, performance, reliability, simplicity, and business purpose.
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UNIT V — NOSQL

Graph Databases

1. Concept and foundation

Graph databases represent information as nodes and relationships, often with properties attached to both. They are
designed for problems where relationships are as important as the entities themselves. Examples include social
networks, recommendation systems, fraud networks, dependency graphs, knowledge graphs, and route networks.

Problem → Architecture component → Processing/storage behavior → Result

A graph may contain Customer nodes, Product nodes, and relationships such as BOUGHT, VIEWED, or
RECOMMENDED. A query can explore connected entities rather than repeatedly joining many relational tables. Graph
traversal is powerful for questions such as “Which users are connected to this account through several relationships?”
or “Which products are commonly purchased by customers with similar behavior?”

Real-time example
A fraud-detection system can represent accounts, devices, transactions, phone numbers, addresses, and merchants
as nodes. Suspicious relationships may reveal groups of accounts sharing unusual identifiers or transaction patterns.

Key idea: Graph databases are especially useful when the structure of relationships is central to the problem. They
are not automatically the best choice for every dataset. The main advantage is natural traversal of connected data.
The design challenge is deciding which entities and relationships should become graph elements and how graph
growth will be managed.
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Graph Databases — Detailed Working

2. How the concept operates in a real system

Graph databases are especially useful when the structure of relationships is central to the problem. They are not
automatically the best choice for every dataset. The main advantage is natural traversal of connected data. The design
challenge is deciding which entities and relationships should become graph elements and how graph growth will be
managed.

A graph may contain Customer nodes, Product nodes, and relationships such as BOUGHT, VIEWED, or
RECOMMENDED. A query can explore connected entities rather than repeatedly joining many relational tables. Graph
traversal is powerful for questions such as “Which users are connected to this account through several relationships?”
or “Which products are commonly purchased by customers with similar behavior?”

1 Identify the data source and workload.

2 Identify the component responsible for storing, processing, serving, or coordinating it.

3 Determine how the workload is divided or distributed.

4 Identify how the system handles growth and failures.

5 Identify the output and who consumes it.

Heavy-data scenario
A fraud-detection system can represent accounts, devices, transactions, phone numbers, addresses, and merchants
as nodes. Suspicious relationships may reveal groups of accounts sharing unusual identifiers or transaction patterns.
At larger scale, the same workload can involve many files, partitions, nodes, processing tasks, database records, and
web requests. The design must prevent one component from becoming an uncontrolled bottleneck.

Key idea: The important question is not simply which technology is named, but why that component is appropriate for
the workload.
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Graph Databases — Design, Benefits and Limitations

3. Practical design discussion

Design factor Questions to consider

Scale How much data exists? How fast is it growing?

Performance Is the workload throughput-oriented or latency-sensitive?

Reliability What happens if a node, job, database, or network link fails?

Scalability Can more nodes/workers/servers be added?

Data model What structure matches the expected access pattern?

Security Who can access or modify the information?

Operations How are monitoring, backup, recovery, and cost handled?

Advantages
• Supports systematic handling of large datasets and workloads.

• Allows specialized components to handle specialized responsibilities.

• Can scale horizontally when the architecture supports partitioning.

• Separates heavy analytics from fast serving when designed correctly.

Limitations and common mistakes
• Distributed systems introduce coordination and operational complexity.

• Poor partitioning can create hot spots or uneven workload.

• Using a heavy analytics engine for every web request can create unacceptable latency.

• Choosing a database by popularity rather than access pattern can cause poor performance.

• More data does not automatically mean better analytics.

Industry connection
A fraud-detection system can represent accounts, devices, transactions, phone numbers, addresses, and merchants
as nodes. Suspicious relationships may reveal groups of accounts sharing unusual identifiers or transaction patterns.
In production, teams also monitor throughput, latency, failures, resource utilization, data freshness, and cost.

Key idea: The strongest architecture balances scale, performance, reliability, simplicity, and business purpose.
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UNIT V — SERVING DATABASES

SQL versus NoSQL — Choosing the Right Model

1. Concept and foundation

SQL and NoSQL databases solve different classes of problems. SQL databases emphasize structured schemas,
relational operations, constraints, and transactions. NoSQL systems often emphasize flexible data models, horizontal
scalability, or specialized access patterns. The correct choice depends on data structure, query requirements,
transaction needs, scale, consistency requirements, and operational constraints.

Problem → Architecture component → Processing/storage behavior → Result

A financial ledger may strongly favor relational modeling because transactions and consistency are central. A session
store may fit a key-value model. Product catalogs with varied attributes may fit documents. Large time-oriented
distributed measurements may fit a column-family system. Social connections may fit a graph model.

Real-time example
A large organization may use several database types simultaneously. A SQL system can remain the system of record,
while NoSQL databases serve specialized workloads. Big Data architecture often involves polyglot persistence:
selecting storage according to each workload rather than forcing all data into one model.

Key idea: Database selection should start with access patterns. Ask: What queries will be performed? How much
data will exist? What is the expected write/read rate? What consistency is needed? What failures must be tolerated?
How will the system scale? A technology name is not an architecture. The architecture is the combination of data
model, workload, guarantees, and operational behavior.
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SQL versus NoSQL — Choosing the Right Model — Detailed Working

2. How the concept operates in a real system

Database selection should start with access patterns. Ask: What queries will be performed? How much data will exist?
What is the expected write/read rate? What consistency is needed? What failures must be tolerated? How will the
system scale? A technology name is not an architecture. The architecture is the combination of data model, workload,
guarantees, and operational behavior.

A financial ledger may strongly favor relational modeling because transactions and consistency are central. A session
store may fit a key-value model. Product catalogs with varied attributes may fit documents. Large time-oriented
distributed measurements may fit a column-family system. Social connections may fit a graph model.

1 Identify the data source and workload.

2 Identify the component responsible for storing, processing, serving, or coordinating it.

3 Determine how the workload is divided or distributed.

4 Identify how the system handles growth and failures.

5 Identify the output and who consumes it.

Heavy-data scenario
A large organization may use several database types simultaneously. A SQL system can remain the system of record,
while NoSQL databases serve specialized workloads. Big Data architecture often involves polyglot persistence:
selecting storage according to each workload rather than forcing all data into one model. At larger scale, the same
workload can involve many files, partitions, nodes, processing tasks, database records, and web requests. The design
must prevent one component from becoming an uncontrolled bottleneck.

Key idea: The important question is not simply which technology is named, but why that component is appropriate for
the workload.
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SQL versus NoSQL — Choosing the Right Model — Design, Benefits and
Limitations

3. Practical design discussion

Design factor Questions to consider

Scale How much data exists? How fast is it growing?

Performance Is the workload throughput-oriented or latency-sensitive?

Reliability What happens if a node, job, database, or network link fails?

Scalability Can more nodes/workers/servers be added?

Data model What structure matches the expected access pattern?

Security Who can access or modify the information?

Operations How are monitoring, backup, recovery, and cost handled?

Advantages
• Supports systematic handling of large datasets and workloads.

• Allows specialized components to handle specialized responsibilities.

• Can scale horizontally when the architecture supports partitioning.

• Separates heavy analytics from fast serving when designed correctly.

Limitations and common mistakes
• Distributed systems introduce coordination and operational complexity.

• Poor partitioning can create hot spots or uneven workload.

• Using a heavy analytics engine for every web request can create unacceptable latency.

• Choosing a database by popularity rather than access pattern can cause poor performance.

• More data does not automatically mean better analytics.

Industry connection
A large organization may use several database types simultaneously. A SQL system can remain the system of record,
while NoSQL databases serve specialized workloads. Big Data architecture often involves polyglot persistence:
selecting storage according to each workload rather than forcing all data into one model. In production, teams also
monitor throughput, latency, failures, resource utilization, data freshness, and cost.

Key idea: The strongest architecture balances scale, performance, reliability, simplicity, and business purpose.
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UNIT V — DJANGO

Python Web Application Framework — Django

1. Concept and foundation

Django is a Python web application framework designed to support rapid development of secure and maintainable web
applications. It provides components for URL routing, views, templates, models, forms, authentication, administration,
and database interaction. Django follows a structured approach that is often described using Model–Template–View
concepts. The model represents data and database interactions, the template handles presentation, and the view
coordinates request processing and response generation.

Problem → Architecture component → Processing/storage behavior → Result

A browser sends an HTTP request to a Django application. URL configuration determines which view should handle the
request. The view may read or update data through Django's ORM, apply application logic, and return a rendered
template or another response. Django's ORM allows developers to work with database objects through Python classes
and query APIs rather than writing every SQL statement manually. It can work with relational databases such as
PostgreSQL, MySQL, SQLite, and others supported by Django.

Real-time example
An online learning portal can use Django for user registration, course pages, assignment submission, authentication,
dashboards, and administration. Django handles web routing and application logic while a database stores users,
courses, enrollments, and results.

Key idea: Django is a web application framework, not a Big Data processing engine. It can serve a user-facing
application that consumes results produced by Hadoop or Spark. For example, Spark can process millions of records
to generate aggregated statistics. Django can expose those results through a dashboard. This demonstrates the
difference between analytics infrastructure and serving/web infrastructure.
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Python Web Application Framework — Django — Detailed Working

2. How the concept operates in a real system

Django is a web application framework, not a Big Data processing engine. It can serve a user-facing application that
consumes results produced by Hadoop or Spark. For example, Spark can process millions of records to generate
aggregated statistics. Django can expose those results through a dashboard. This demonstrates the difference
between analytics infrastructure and serving/web infrastructure.

A browser sends an HTTP request to a Django application. URL configuration determines which view should handle the
request. The view may read or update data through Django's ORM, apply application logic, and return a rendered
template or another response. Django's ORM allows developers to work with database objects through Python classes
and query APIs rather than writing every SQL statement manually. It can work with relational databases such as
PostgreSQL, MySQL, SQLite, and others supported by Django.

1 Identify the data source and workload.

2 Identify the component responsible for storing, processing, serving, or coordinating it.

3 Determine how the workload is divided or distributed.

4 Identify how the system handles growth and failures.

5 Identify the output and who consumes it.

Heavy-data scenario
An online learning portal can use Django for user registration, course pages, assignment submission, authentication,
dashboards, and administration. Django handles web routing and application logic while a database stores users,
courses, enrollments, and results. At larger scale, the same workload can involve many files, partitions, nodes,
processing tasks, database records, and web requests. The design must prevent one component from becoming an
uncontrolled bottleneck.

Key idea: The important question is not simply which technology is named, but why that component is appropriate for
the workload.
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Python Web Application Framework — Django — Design, Benefits and
Limitations

3. Practical design discussion

Design factor Questions to consider

Scale How much data exists? How fast is it growing?

Performance Is the workload throughput-oriented or latency-sensitive?

Reliability What happens if a node, job, database, or network link fails?

Scalability Can more nodes/workers/servers be added?

Data model What structure matches the expected access pattern?

Security Who can access or modify the information?

Operations How are monitoring, backup, recovery, and cost handled?

Advantages
• Supports systematic handling of large datasets and workloads.

• Allows specialized components to handle specialized responsibilities.

• Can scale horizontally when the architecture supports partitioning.

• Separates heavy analytics from fast serving when designed correctly.

Limitations and common mistakes
• Distributed systems introduce coordination and operational complexity.

• Poor partitioning can create hot spots or uneven workload.

• Using a heavy analytics engine for every web request can create unacceptable latency.

• Choosing a database by popularity rather than access pattern can cause poor performance.

• More data does not automatically mean better analytics.

Industry connection
An online learning portal can use Django for user registration, course pages, assignment submission, authentication,
dashboards, and administration. Django handles web routing and application logic while a database stores users,
courses, enrollments, and results. In production, teams also monitor throughput, latency, failures, resource utilization,
data freshness, and cost.

Key idea: The strongest architecture balances scale, performance, reliability, simplicity, and business purpose.
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UNIT V — DJANGO

Django Architecture and Request Flow

1. Concept and foundation

A Django application typically contains URL configuration, views, models, templates, forms, middleware, and settings.
These components divide responsibilities so that web applications can be developed and maintained systematically.
The request flow begins when a client sends an HTTP request. Django's URL dispatcher identifies a matching route
and sends the request to the corresponding view. The view may interact with models and then return HTML, JSON, or
another response.

Problem → Architecture component → Processing/storage behavior → Result

The model layer represents persistent data. The view contains request-handling logic. The template renders
information for the user. Middleware can process requests and responses for tasks such as authentication, sessions,
security, and other cross-cutting concerns. Django's admin interface can provide authorized users with a convenient
way to manage application data without building every management page manually.

Real-time example
A university portal can route /students/ to a view that queries student records, selects a template, and returns an
HTML page. A separate API endpoint can return JSON for a mobile application or dashboard.

Key idea: Django's structured architecture helps connect Big Data analytics with web applications. The web layer
should normally not perform a huge distributed computation during every user request. Instead, large computations
can be precomputed by Spark or batch jobs and the web application can serve appropriate results from a serving
database or cache.
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Django Architecture and Request Flow — Detailed Working

2. How the concept operates in a real system

Django's structured architecture helps connect Big Data analytics with web applications. The web layer should normally
not perform a huge distributed computation during every user request. Instead, large computations can be
precomputed by Spark or batch jobs and the web application can serve appropriate results from a serving database or
cache.

The model layer represents persistent data. The view contains request-handling logic. The template renders
information for the user. Middleware can process requests and responses for tasks such as authentication, sessions,
security, and other cross-cutting concerns. Django's admin interface can provide authorized users with a convenient
way to manage application data without building every management page manually.

1 Identify the data source and workload.

2 Identify the component responsible for storing, processing, serving, or coordinating it.

3 Determine how the workload is divided or distributed.

4 Identify how the system handles growth and failures.

5 Identify the output and who consumes it.

Heavy-data scenario
A university portal can route /students/ to a view that queries student records, selects a template, and returns an
HTML page. A separate API endpoint can return JSON for a mobile application or dashboard. At larger scale, the
same workload can involve many files, partitions, nodes, processing tasks, database records, and web requests. The
design must prevent one component from becoming an uncontrolled bottleneck.

Key idea: The important question is not simply which technology is named, but why that component is appropriate for
the workload.
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Django Architecture and Request Flow — Design, Benefits and
Limitations

3. Practical design discussion

Design factor Questions to consider

Scale How much data exists? How fast is it growing?

Performance Is the workload throughput-oriented or latency-sensitive?

Reliability What happens if a node, job, database, or network link fails?

Scalability Can more nodes/workers/servers be added?

Data model What structure matches the expected access pattern?

Security Who can access or modify the information?

Operations How are monitoring, backup, recovery, and cost handled?

Advantages
• Supports systematic handling of large datasets and workloads.

• Allows specialized components to handle specialized responsibilities.

• Can scale horizontally when the architecture supports partitioning.

• Separates heavy analytics from fast serving when designed correctly.

Limitations and common mistakes
• Distributed systems introduce coordination and operational complexity.

• Poor partitioning can create hot spots or uneven workload.

• Using a heavy analytics engine for every web request can create unacceptable latency.

• Choosing a database by popularity rather than access pattern can cause poor performance.

• More data does not automatically mean better analytics.

Industry connection
A university portal can route /students/ to a view that queries student records, selects a template, and returns an
HTML page. A separate API endpoint can return JSON for a mobile application or dashboard. In production, teams
also monitor throughput, latency, failures, resource utilization, data freshness, and cost.

Key idea: The strongest architecture balances scale, performance, reliability, simplicity, and business purpose.
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UNIT V — DJANGO

Django with Big Data Analytics

1. Concept and foundation

Django can act as the presentation and application layer for Big Data systems. It does not replace Hadoop, Spark,
HDFS, or specialized distributed databases. Instead, it can expose analytical results through web pages, APIs,
dashboards, and administrative interfaces. This separation allows data engineering and web development teams to
work with clear responsibilities.

Problem → Architecture component → Processing/storage behavior → Result

A common architecture is: data sources → HDFS/data lake → Spark batch processing → analytical output → serving
database → Django web application. The batch or stream system handles large-scale computation. The serving
database stores results in a form optimized for application queries. Django retrieves those results and presents them to
users.

Real-time example
A logistics company can use Spark to calculate average delivery time by region over millions of historical events. The
result can be written to a relational or NoSQL serving store. Django can provide a dashboard where managers select
a region and see the latest metrics.

Key idea: This pattern avoids making the web server responsible for distributed data processing. The web request
should be fast and predictable. Heavy analytics can run asynchronously and update the serving layer when results are
ready. This separation is one of the most important practical connections between Units IV and V.
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Django with Big Data Analytics — Detailed Working

2. How the concept operates in a real system

This pattern avoids making the web server responsible for distributed data processing. The web request should be fast
and predictable. Heavy analytics can run asynchronously and update the serving layer when results are ready. This
separation is one of the most important practical connections between Units IV and V.

A common architecture is: data sources → HDFS/data lake → Spark batch processing → analytical output → serving
database → Django web application. The batch or stream system handles large-scale computation. The serving
database stores results in a form optimized for application queries. Django retrieves those results and presents them to
users.

1 Identify the data source and workload.

2 Identify the component responsible for storing, processing, serving, or coordinating it.

3 Determine how the workload is divided or distributed.

4 Identify how the system handles growth and failures.

5 Identify the output and who consumes it.

Heavy-data scenario
A logistics company can use Spark to calculate average delivery time by region over millions of historical events. The
result can be written to a relational or NoSQL serving store. Django can provide a dashboard where managers select
a region and see the latest metrics. At larger scale, the same workload can involve many files, partitions, nodes,
processing tasks, database records, and web requests. The design must prevent one component from becoming an
uncontrolled bottleneck.

Key idea: The important question is not simply which technology is named, but why that component is appropriate for
the workload.
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Django with Big Data Analytics — Design, Benefits and Limitations

3. Practical design discussion

Design factor Questions to consider

Scale How much data exists? How fast is it growing?

Performance Is the workload throughput-oriented or latency-sensitive?

Reliability What happens if a node, job, database, or network link fails?

Scalability Can more nodes/workers/servers be added?

Data model What structure matches the expected access pattern?

Security Who can access or modify the information?

Operations How are monitoring, backup, recovery, and cost handled?

Advantages
• Supports systematic handling of large datasets and workloads.

• Allows specialized components to handle specialized responsibilities.

• Can scale horizontally when the architecture supports partitioning.

• Separates heavy analytics from fast serving when designed correctly.

Limitations and common mistakes
• Distributed systems introduce coordination and operational complexity.

• Poor partitioning can create hot spots or uneven workload.

• Using a heavy analytics engine for every web request can create unacceptable latency.

• Choosing a database by popularity rather than access pattern can cause poor performance.

• More data does not automatically mean better analytics.

Industry connection
A logistics company can use Spark to calculate average delivery time by region over millions of historical events. The
result can be written to a relational or NoSQL serving store. Django can provide a dashboard where managers select
a region and see the latest metrics. In production, teams also monitor throughput, latency, failures, resource
utilization, data freshness, and cost.

Key idea: The strongest architecture balances scale, performance, reliability, simplicity, and business purpose.
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INTEGRATED TOPIC 1

Big Data Storage Strategy

Conceptual explanation

A storage strategy decides what data is retained, in which format, for how long, and for which access patterns. HDFS is
useful for large analytical datasets, while serving databases are designed for application-facing queries.

Storage → Batch Processing → Serving Database → Web Application → User

Detailed real-time connection

A company may store raw event history in distributed storage, process it with Spark, and place current aggregates in
SQL or NoSQL for fast application access.

Design checklist
• Identify the data source and expected data volume.

• Choose the appropriate storage layer and data organization.

• Decide whether Hadoop, MapReduce, Spark, or another engine fits the workload.

• Define workflow scheduling, dependency handling, and failure recovery.

• Choose SQL or the appropriate NoSQL model for the serving workload.

• Keep large computations away from latency-sensitive web requests.

• Use Django or another web framework to present processed results.

• Monitor the full path from data source to user.

Heavy-data scenario
A company may store raw event history in distributed storage, process it with Spark, and place current aggregates in
SQL or NoSQL for fast application access. At large scale, the architecture may involve distributed storage nodes,
many processing executors, scheduled workflows, replicated databases, web servers, and continuous monitoring.

Key idea: This integrated view connects the three units: storage holds large data, batch engines turn data into useful
results, and serving/web layers make those results accessible to people and applications.
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INTEGRATED TOPIC 2

HDFS Cluster Scaling

Conceptual explanation

Scaling HDFS involves adding storage nodes, balancing data, considering network capacity, and maintaining healthy
replication.

Storage → Batch Processing → Serving Database → Web Application → User

Detailed real-time connection

A growing analytics platform can add DataNodes as historical data expands, but administrators must monitor capacity
and block distribution rather than simply adding disks.

Design checklist
• Identify the data source and expected data volume.

• Choose the appropriate storage layer and data organization.

• Decide whether Hadoop, MapReduce, Spark, or another engine fits the workload.

• Define workflow scheduling, dependency handling, and failure recovery.

• Choose SQL or the appropriate NoSQL model for the serving workload.

• Keep large computations away from latency-sensitive web requests.

• Use Django or another web framework to present processed results.

• Monitor the full path from data source to user.

Heavy-data scenario
A growing analytics platform can add DataNodes as historical data expands, but administrators must monitor capacity
and block distribution rather than simply adding disks. At large scale, the architecture may involve distributed storage
nodes, many processing executors, scheduled workflows, replicated databases, web servers, and continuous
monitoring.

Key idea: This integrated view connects the three units: storage holds large data, batch engines turn data into useful
results, and serving/web layers make those results accessible to people and applications.
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INTEGRATED TOPIC 3

Data Locality

Conceptual explanation

Data locality means moving computation toward large datasets when possible rather than repeatedly moving huge data
volumes over the network.

Storage → Batch Processing → Serving Database → Web Application → User

Detailed real-time connection

A batch job can execute tasks on nodes containing the required blocks, reducing network traffic and improving
distributed processing efficiency.

Design checklist
• Identify the data source and expected data volume.

• Choose the appropriate storage layer and data organization.

• Decide whether Hadoop, MapReduce, Spark, or another engine fits the workload.

• Define workflow scheduling, dependency handling, and failure recovery.

• Choose SQL or the appropriate NoSQL model for the serving workload.

• Keep large computations away from latency-sensitive web requests.

• Use Django or another web framework to present processed results.

• Monitor the full path from data source to user.

Heavy-data scenario
A batch job can execute tasks on nodes containing the required blocks, reducing network traffic and improving
distributed processing efficiency. At large scale, the architecture may involve distributed storage nodes, many
processing executors, scheduled workflows, replicated databases, web servers, and continuous monitoring.

Key idea: This integrated view connects the three units: storage holds large data, batch engines turn data into useful
results, and serving/web layers make those results accessible to people and applications.
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INTEGRATED TOPIC 4

Spark versus MapReduce

Conceptual explanation

Both support distributed data processing, but Spark uses a DAG execution model and can cache appropriate
intermediate data, while traditional MapReduce emphasizes map, shuffle, and reduce stages with stronger dependence
on disk-based intermediate processing.

Storage → Batch Processing → Serving Database → Web Application → User

Detailed real-time connection

A large ETL workflow with multiple transformations may be easier and faster to express in Spark, while MapReduce
remains useful for understanding foundational distributed processing patterns.

Design checklist
• Identify the data source and expected data volume.

• Choose the appropriate storage layer and data organization.

• Decide whether Hadoop, MapReduce, Spark, or another engine fits the workload.

• Define workflow scheduling, dependency handling, and failure recovery.

• Choose SQL or the appropriate NoSQL model for the serving workload.

• Keep large computations away from latency-sensitive web requests.

• Use Django or another web framework to present processed results.

• Monitor the full path from data source to user.

Heavy-data scenario
A large ETL workflow with multiple transformations may be easier and faster to express in Spark, while MapReduce
remains useful for understanding foundational distributed processing patterns. At large scale, the architecture may
involve distributed storage nodes, many processing executors, scheduled workflows, replicated databases, web
servers, and continuous monitoring.

Key idea: This integrated view connects the three units: storage holds large data, batch engines turn data into useful
results, and serving/web layers make those results accessible to people and applications.
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INTEGRATED TOPIC 5

Spark Lazy Evaluation

Conceptual explanation

Spark transformations are generally evaluated lazily. The engine records the requested operations and constructs an
execution plan when an action requires a result.

Storage → Batch Processing → Serving Database → Web Application → User

Detailed real-time connection

A pipeline that filters, selects, joins, and aggregates data may not execute each step immediately. Spark can optimize
the combined plan before distributing work.

Design checklist
• Identify the data source and expected data volume.

• Choose the appropriate storage layer and data organization.

• Decide whether Hadoop, MapReduce, Spark, or another engine fits the workload.

• Define workflow scheduling, dependency handling, and failure recovery.

• Choose SQL or the appropriate NoSQL model for the serving workload.

• Keep large computations away from latency-sensitive web requests.

• Use Django or another web framework to present processed results.

• Monitor the full path from data source to user.

Heavy-data scenario
A pipeline that filters, selects, joins, and aggregates data may not execute each step immediately. Spark can optimize
the combined plan before distributing work. At large scale, the architecture may involve distributed storage nodes,
many processing executors, scheduled workflows, replicated databases, web servers, and continuous monitoring.

Key idea: This integrated view connects the three units: storage holds large data, batch engines turn data into useful
results, and serving/web layers make those results accessible to people and applications.
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INTEGRATED TOPIC 6

Spark Shuffle

Conceptual explanation

Shuffle occurs when data must be redistributed between partitions, often for grouping, joining, or aggregation. It can be
expensive because it involves network transfer, serialization, and disk or memory resources.

Storage → Batch Processing → Serving Database → Web Application → User

Detailed real-time connection

A groupBy over a huge customer-event dataset may require records with the same key to move to common partitions.
Good partitioning and early aggregation can reduce unnecessary shuffle cost.

Design checklist
• Identify the data source and expected data volume.

• Choose the appropriate storage layer and data organization.

• Decide whether Hadoop, MapReduce, Spark, or another engine fits the workload.

• Define workflow scheduling, dependency handling, and failure recovery.

• Choose SQL or the appropriate NoSQL model for the serving workload.

• Keep large computations away from latency-sensitive web requests.

• Use Django or another web framework to present processed results.

• Monitor the full path from data source to user.

Heavy-data scenario
A groupBy over a huge customer-event dataset may require records with the same key to move to common partitions.
Good partitioning and early aggregation can reduce unnecessary shuffle cost. At large scale, the architecture may
involve distributed storage nodes, many processing executors, scheduled workflows, replicated databases, web
servers, and continuous monitoring.

Key idea: This integrated view connects the three units: storage holds large data, batch engines turn data into useful
results, and serving/web layers make those results accessible to people and applications.
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INTEGRATED TOPIC 7

MapReduce Data Flow

Conceptual explanation

MapReduce can be visualized as input splits → mappers → intermediate key-value records → shuffle/sort → reducers
→ output.

Storage → Batch Processing → Serving Database → Web Application → User

Detailed real-time connection

A word-count job demonstrates the full flow: each mapper emits word counts, shuffle groups identical words, and
reducers calculate totals.

Design checklist
• Identify the data source and expected data volume.

• Choose the appropriate storage layer and data organization.

• Decide whether Hadoop, MapReduce, Spark, or another engine fits the workload.

• Define workflow scheduling, dependency handling, and failure recovery.

• Choose SQL or the appropriate NoSQL model for the serving workload.

• Keep large computations away from latency-sensitive web requests.

• Use Django or another web framework to present processed results.

• Monitor the full path from data source to user.

Heavy-data scenario
A word-count job demonstrates the full flow: each mapper emits word counts, shuffle groups identical words, and
reducers calculate totals. At large scale, the architecture may involve distributed storage nodes, many processing
executors, scheduled workflows, replicated databases, web servers, and continuous monitoring.

Key idea: This integrated view connects the three units: storage holds large data, batch engines turn data into useful
results, and serving/web layers make those results accessible to people and applications.
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INTEGRATED TOPIC 8

Pig Data Flow

Conceptual explanation

Pig Latin expresses data processing as a sequence of loading, filtering, joining, grouping, and storing operations. It is
naturally suited to ETL-style workflows.

Storage → Batch Processing → Serving Database → Web Application → User

Detailed real-time connection

A publisher can load article data, filter by date, extract categories, group articles by topic, count them, and store a
summary dataset.

Design checklist
• Identify the data source and expected data volume.

• Choose the appropriate storage layer and data organization.

• Decide whether Hadoop, MapReduce, Spark, or another engine fits the workload.

• Define workflow scheduling, dependency handling, and failure recovery.

• Choose SQL or the appropriate NoSQL model for the serving workload.

• Keep large computations away from latency-sensitive web requests.

• Use Django or another web framework to present processed results.

• Monitor the full path from data source to user.

Heavy-data scenario
A publisher can load article data, filter by date, extract categories, group articles by topic, count them, and store a
summary dataset. At large scale, the architecture may involve distributed storage nodes, many processing executors,
scheduled workflows, replicated databases, web servers, and continuous monitoring.

Key idea: This integrated view connects the three units: storage holds large data, batch engines turn data into useful
results, and serving/web layers make those results accessible to people and applications.
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INTEGRATED TOPIC 9

News Analytics — Text Processing

Conceptual explanation

News article analytics can include tokenization, normalization, frequency analysis, category comparison, topic
detection, named-entity extraction, and trend analysis.

Storage → Batch Processing → Serving Database → Web Application → User

Detailed real-time connection

A publisher can compare the frequency of technology terms across months to identify emerging topics, while retaining
raw articles for later analysis.

Design checklist
• Identify the data source and expected data volume.

• Choose the appropriate storage layer and data organization.

• Decide whether Hadoop, MapReduce, Spark, or another engine fits the workload.

• Define workflow scheduling, dependency handling, and failure recovery.

• Choose SQL or the appropriate NoSQL model for the serving workload.

• Keep large computations away from latency-sensitive web requests.

• Use Django or another web framework to present processed results.

• Monitor the full path from data source to user.

Heavy-data scenario
A publisher can compare the frequency of technology terms across months to identify emerging topics, while retaining
raw articles for later analysis. At large scale, the architecture may involve distributed storage nodes, many processing
executors, scheduled workflows, replicated databases, web servers, and continuous monitoring.

Key idea: This integrated view connects the three units: storage holds large data, batch engines turn data into useful
results, and serving/web layers make those results accessible to people and applications.
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INTEGRATED TOPIC 10

Workflow Orchestration

Conceptual explanation

Complex analytics pipelines require dependency management, retries, schedules, monitoring, and error handling.
Oozie is a historical Hadoop-oriented example of workflow orchestration.

Storage → Batch Processing → Serving Database → Web Application → User

Detailed real-time connection

A daily pipeline can wait for input files, run preparation, launch processing, generate aggregates, and publish the result
only after earlier stages succeed.

Design checklist
• Identify the data source and expected data volume.

• Choose the appropriate storage layer and data organization.

• Decide whether Hadoop, MapReduce, Spark, or another engine fits the workload.

• Define workflow scheduling, dependency handling, and failure recovery.

• Choose SQL or the appropriate NoSQL model for the serving workload.

• Keep large computations away from latency-sensitive web requests.

• Use Django or another web framework to present processed results.

• Monitor the full path from data source to user.

Heavy-data scenario
A daily pipeline can wait for input files, run preparation, launch processing, generate aggregates, and publish the
result only after earlier stages succeed. At large scale, the architecture may involve distributed storage nodes, many
processing executors, scheduled workflows, replicated databases, web servers, and continuous monitoring.

Key idea: This integrated view connects the three units: storage holds large data, batch engines turn data into useful
results, and serving/web layers make those results accessible to people and applications.
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INTEGRATED TOPIC 11

Serving Layer Concept

Conceptual explanation

A serving layer stores processed results in a form optimized for fast access by applications, dashboards, or APIs.

Storage → Batch Processing → Serving Database → Web Application → User

Detailed real-time connection

Spark can calculate regional statistics over billions of events, while a serving database stores the final regional metrics
for immediate dashboard queries.

Design checklist
• Identify the data source and expected data volume.

• Choose the appropriate storage layer and data organization.

• Decide whether Hadoop, MapReduce, Spark, or another engine fits the workload.

• Define workflow scheduling, dependency handling, and failure recovery.

• Choose SQL or the appropriate NoSQL model for the serving workload.

• Keep large computations away from latency-sensitive web requests.

• Use Django or another web framework to present processed results.

• Monitor the full path from data source to user.

Heavy-data scenario
Spark can calculate regional statistics over billions of events, while a serving database stores the final regional metrics
for immediate dashboard queries. At large scale, the architecture may involve distributed storage nodes, many
processing executors, scheduled workflows, replicated databases, web servers, and continuous monitoring.

Key idea: This integrated view connects the three units: storage holds large data, batch engines turn data into useful
results, and serving/web layers make those results accessible to people and applications.
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INTEGRATED TOPIC 12

SQL Transactions

Conceptual explanation

SQL databases are strong for transactional workloads where multiple related changes need controlled consistency.

Storage → Batch Processing → Serving Database → Web Application → User

Detailed real-time connection

An order workflow may update an order record, payment state, and inventory-related information within transaction
boundaries appropriate to the application.

Design checklist
• Identify the data source and expected data volume.

• Choose the appropriate storage layer and data organization.

• Decide whether Hadoop, MapReduce, Spark, or another engine fits the workload.

• Define workflow scheduling, dependency handling, and failure recovery.

• Choose SQL or the appropriate NoSQL model for the serving workload.

• Keep large computations away from latency-sensitive web requests.

• Use Django or another web framework to present processed results.

• Monitor the full path from data source to user.

Heavy-data scenario
An order workflow may update an order record, payment state, and inventory-related information within transaction
boundaries appropriate to the application. At large scale, the architecture may involve distributed storage nodes,
many processing executors, scheduled workflows, replicated databases, web servers, and continuous monitoring.

Key idea: This integrated view connects the three units: storage holds large data, batch engines turn data into useful
results, and serving/web layers make those results accessible to people and applications.



Big Data Analytics — Units III, IV & V Page 87

INTEGRATED TOPIC 13

NoSQL Data Modeling

Conceptual explanation

NoSQL data models should be designed around actual access patterns. The goal is not simply to avoid tables but to
create efficient distributed data structures.

Storage → Batch Processing → Serving Database → Web Application → User

Detailed real-time connection

A document database can store a product with its frequently accessed attributes together, reducing the need for
multiple joins in a read-heavy application.

Design checklist
• Identify the data source and expected data volume.

• Choose the appropriate storage layer and data organization.

• Decide whether Hadoop, MapReduce, Spark, or another engine fits the workload.

• Define workflow scheduling, dependency handling, and failure recovery.

• Choose SQL or the appropriate NoSQL model for the serving workload.

• Keep large computations away from latency-sensitive web requests.

• Use Django or another web framework to present processed results.

• Monitor the full path from data source to user.

Heavy-data scenario
A document database can store a product with its frequently accessed attributes together, reducing the need for
multiple joins in a read-heavy application. At large scale, the architecture may involve distributed storage nodes, many
processing executors, scheduled workflows, replicated databases, web servers, and continuous monitoring.

Key idea: This integrated view connects the three units: storage holds large data, batch engines turn data into useful
results, and serving/web layers make those results accessible to people and applications.
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INTEGRATED TOPIC 14

Key-Value at Scale

Conceptual explanation

Key-value stores are effective for direct lookups and can scale by partitioning keys across nodes.

Storage → Batch Processing → Serving Database → Web Application → User

Detailed real-time connection

A web application can store session information or frequently accessed configuration values by user/session key.

Design checklist
• Identify the data source and expected data volume.

• Choose the appropriate storage layer and data organization.

• Decide whether Hadoop, MapReduce, Spark, or another engine fits the workload.

• Define workflow scheduling, dependency handling, and failure recovery.

• Choose SQL or the appropriate NoSQL model for the serving workload.

• Keep large computations away from latency-sensitive web requests.

• Use Django or another web framework to present processed results.

• Monitor the full path from data source to user.

Heavy-data scenario
A web application can store session information or frequently accessed configuration values by user/session key. At
large scale, the architecture may involve distributed storage nodes, many processing executors, scheduled workflows,
replicated databases, web servers, and continuous monitoring.

Key idea: This integrated view connects the three units: storage holds large data, batch engines turn data into useful
results, and serving/web layers make those results accessible to people and applications.
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INTEGRATED TOPIC 15

Document Modeling

Conceptual explanation

Document modeling groups related information into a document. This can make common reads simple, but duplicated
data must be managed carefully.

Storage → Batch Processing → Serving Database → Web Application → User

Detailed real-time connection

An article document can contain metadata, tags, author information, and content fields that are normally read together.

Design checklist
• Identify the data source and expected data volume.

• Choose the appropriate storage layer and data organization.

• Decide whether Hadoop, MapReduce, Spark, or another engine fits the workload.

• Define workflow scheduling, dependency handling, and failure recovery.

• Choose SQL or the appropriate NoSQL model for the serving workload.

• Keep large computations away from latency-sensitive web requests.

• Use Django or another web framework to present processed results.

• Monitor the full path from data source to user.

Heavy-data scenario
An article document can contain metadata, tags, author information, and content fields that are normally read
together. At large scale, the architecture may involve distributed storage nodes, many processing executors,
scheduled workflows, replicated databases, web servers, and continuous monitoring.

Key idea: This integrated view connects the three units: storage holds large data, batch engines turn data into useful
results, and serving/web layers make those results accessible to people and applications.
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INTEGRATED TOPIC 16

Column-Family Modeling

Conceptual explanation

Column-family databases organize data for distributed, high-volume access patterns. Query design and partition keys
are central to performance.

Storage → Batch Processing → Serving Database → Web Application → User

Detailed real-time connection

A sensor platform can design rows around device and time access patterns so recent measurements can be retrieved
efficiently without scanning unrelated data.

Design checklist
• Identify the data source and expected data volume.

• Choose the appropriate storage layer and data organization.

• Decide whether Hadoop, MapReduce, Spark, or another engine fits the workload.

• Define workflow scheduling, dependency handling, and failure recovery.

• Choose SQL or the appropriate NoSQL model for the serving workload.

• Keep large computations away from latency-sensitive web requests.

• Use Django or another web framework to present processed results.

• Monitor the full path from data source to user.

Heavy-data scenario
A sensor platform can design rows around device and time access patterns so recent measurements can be retrieved
efficiently without scanning unrelated data. At large scale, the architecture may involve distributed storage nodes,
many processing executors, scheduled workflows, replicated databases, web servers, and continuous monitoring.

Key idea: This integrated view connects the three units: storage holds large data, batch engines turn data into useful
results, and serving/web layers make those results accessible to people and applications.
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INTEGRATED TOPIC 17

Graph Modeling

Conceptual explanation

Graph databases model entities and relationships directly, making multi-hop relationship queries natural.

Storage → Batch Processing → Serving Database → Web Application → User

Detailed real-time connection

Fraud analysis can connect accounts, devices, merchants, phone numbers, and transactions to expose suspicious
relationship patterns.

Design checklist
• Identify the data source and expected data volume.

• Choose the appropriate storage layer and data organization.

• Decide whether Hadoop, MapReduce, Spark, or another engine fits the workload.

• Define workflow scheduling, dependency handling, and failure recovery.

• Choose SQL or the appropriate NoSQL model for the serving workload.

• Keep large computations away from latency-sensitive web requests.

• Use Django or another web framework to present processed results.

• Monitor the full path from data source to user.

Heavy-data scenario
Fraud analysis can connect accounts, devices, merchants, phone numbers, and transactions to expose suspicious
relationship patterns. At large scale, the architecture may involve distributed storage nodes, many processing
executors, scheduled workflows, replicated databases, web servers, and continuous monitoring.

Key idea: This integrated view connects the three units: storage holds large data, batch engines turn data into useful
results, and serving/web layers make those results accessible to people and applications.
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INTEGRATED TOPIC 18

Django as a Serving Application

Conceptual explanation

Django can present analytical results through web pages and APIs while specialized Big Data engines perform heavy
computation.

Storage → Batch Processing → Serving Database → Web Application → User

Detailed real-time connection

A Django dashboard can display Spark-generated KPIs stored in a serving database, keeping user requests fast and
predictable.

Design checklist
• Identify the data source and expected data volume.

• Choose the appropriate storage layer and data organization.

• Decide whether Hadoop, MapReduce, Spark, or another engine fits the workload.

• Define workflow scheduling, dependency handling, and failure recovery.

• Choose SQL or the appropriate NoSQL model for the serving workload.

• Keep large computations away from latency-sensitive web requests.

• Use Django or another web framework to present processed results.

• Monitor the full path from data source to user.

Heavy-data scenario
A Django dashboard can display Spark-generated KPIs stored in a serving database, keeping user requests fast and
predictable. At large scale, the architecture may involve distributed storage nodes, many processing executors,
scheduled workflows, replicated databases, web servers, and continuous monitoring.

Key idea: This integrated view connects the three units: storage holds large data, batch engines turn data into useful
results, and serving/web layers make those results accessible to people and applications.
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INTEGRATED TOPIC 19

Complete Architecture Case Study — News Platform

Conceptual explanation

A news platform can combine HDFS for article archives, Spark for batch analysis, Oozie for workflow coordination,
SQL/NoSQL for serving results, and Django for a web dashboard.

Storage → Batch Processing → Serving Database → Web Application → User

Detailed real-time connection

Raw articles are collected and stored, batch jobs calculate topic and source metrics, results are written to serving
storage, and Django exposes the insights to editors and analysts.

Design checklist
• Identify the data source and expected data volume.

• Choose the appropriate storage layer and data organization.

• Decide whether Hadoop, MapReduce, Spark, or another engine fits the workload.

• Define workflow scheduling, dependency handling, and failure recovery.

• Choose SQL or the appropriate NoSQL model for the serving workload.

• Keep large computations away from latency-sensitive web requests.

• Use Django or another web framework to present processed results.

• Monitor the full path from data source to user.

Heavy-data scenario
Raw articles are collected and stored, batch jobs calculate topic and source metrics, results are written to serving
storage, and Django exposes the insights to editors and analysts. At large scale, the architecture may involve
distributed storage nodes, many processing executors, scheduled workflows, replicated databases, web servers, and
continuous monitoring.

Key idea: This integrated view connects the three units: storage holds large data, batch engines turn data into useful
results, and serving/web layers make those results accessible to people and applications.
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INTEGRATED TOPIC 20

Complete Architecture Case Study — Smart Retail

Conceptual explanation

A retail platform can combine distributed storage, Spark batch processing, NoSQL for high-volume event-oriented data,
SQL for transactional records, and Django for internal dashboards.

Storage → Batch Processing → Serving Database → Web Application → User

Detailed real-time connection

Historical customer activity can be processed to produce demand and customer metrics, while the web application
serves the latest results and operational reports.

Design checklist
• Identify the data source and expected data volume.

• Choose the appropriate storage layer and data organization.

• Decide whether Hadoop, MapReduce, Spark, or another engine fits the workload.

• Define workflow scheduling, dependency handling, and failure recovery.

• Choose SQL or the appropriate NoSQL model for the serving workload.

• Keep large computations away from latency-sensitive web requests.

• Use Django or another web framework to present processed results.

• Monitor the full path from data source to user.

Heavy-data scenario
Historical customer activity can be processed to produce demand and customer metrics, while the web application
serves the latest results and operational reports. At large scale, the architecture may involve distributed storage
nodes, many processing executors, scheduled workflows, replicated databases, web servers, and continuous
monitoring.

Key idea: This integrated view connects the three units: storage holds large data, batch engines turn data into useful
results, and serving/web layers make those results accessible to people and applications.
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INTEGRATED TOPIC 21

Complete Architecture Case Study — IoT Monitoring

Conceptual explanation

IoT systems generate high-volume time-oriented data that can be stored in distributed storage, processed with Spark,
and summarized into serving databases.

Storage → Batch Processing → Serving Database → Web Application → User

Detailed real-time connection

Raw sensor readings can remain available for historical investigation while current device-health summaries are served
through a web application.

Design checklist
• Identify the data source and expected data volume.

• Choose the appropriate storage layer and data organization.

• Decide whether Hadoop, MapReduce, Spark, or another engine fits the workload.

• Define workflow scheduling, dependency handling, and failure recovery.

• Choose SQL or the appropriate NoSQL model for the serving workload.

• Keep large computations away from latency-sensitive web requests.

• Use Django or another web framework to present processed results.

• Monitor the full path from data source to user.

Heavy-data scenario
Raw sensor readings can remain available for historical investigation while current device-health summaries are
served through a web application. At large scale, the architecture may involve distributed storage nodes, many
processing executors, scheduled workflows, replicated databases, web servers, and continuous monitoring.

Key idea: This integrated view connects the three units: storage holds large data, batch engines turn data into useful
results, and serving/web layers make those results accessible to people and applications.



Big Data Analytics — Units III, IV & V Page 96

INTEGRATED TOPIC 22

Storage Format and Access Pattern

Conceptual explanation

Storage format should reflect how data will be processed and queried. Large analytical files benefit from formats and
layouts that support efficient scans and partition pruning.

Storage → Batch Processing → Serving Database → Web Application → User

Detailed real-time connection

A yearly transaction archive can be partitioned by date so an analysis of one month does not need to scan every
historical record.

Design checklist
• Identify the data source and expected data volume.

• Choose the appropriate storage layer and data organization.

• Decide whether Hadoop, MapReduce, Spark, or another engine fits the workload.

• Define workflow scheduling, dependency handling, and failure recovery.

• Choose SQL or the appropriate NoSQL model for the serving workload.

• Keep large computations away from latency-sensitive web requests.

• Use Django or another web framework to present processed results.

• Monitor the full path from data source to user.

Heavy-data scenario
A yearly transaction archive can be partitioned by date so an analysis of one month does not need to scan every
historical record. At large scale, the architecture may involve distributed storage nodes, many processing executors,
scheduled workflows, replicated databases, web servers, and continuous monitoring.

Key idea: This integrated view connects the three units: storage holds large data, batch engines turn data into useful
results, and serving/web layers make those results accessible to people and applications.
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INTEGRATED TOPIC 23

Batch to Serving Pipeline

Conceptual explanation

The batch-to-serving pattern separates expensive computation from fast application queries.

Storage → Batch Processing → Serving Database → Web Application → User

Detailed real-time connection

A nightly Spark job can calculate product metrics and update a serving database. During the day, the Django
application reads those metrics without rerunning the large computation.

Design checklist
• Identify the data source and expected data volume.

• Choose the appropriate storage layer and data organization.

• Decide whether Hadoop, MapReduce, Spark, or another engine fits the workload.

• Define workflow scheduling, dependency handling, and failure recovery.

• Choose SQL or the appropriate NoSQL model for the serving workload.

• Keep large computations away from latency-sensitive web requests.

• Use Django or another web framework to present processed results.

• Monitor the full path from data source to user.

Heavy-data scenario
A nightly Spark job can calculate product metrics and update a serving database. During the day, the Django
application reads those metrics without rerunning the large computation. At large scale, the architecture may involve
distributed storage nodes, many processing executors, scheduled workflows, replicated databases, web servers, and
continuous monitoring.

Key idea: This integrated view connects the three units: storage holds large data, batch engines turn data into useful
results, and serving/web layers make those results accessible to people and applications.
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INTEGRATED TOPIC 24

Reliability Across the Stack

Conceptual explanation

Reliability must be considered from storage through computation to web serving. Each layer can fail independently.

Storage → Batch Processing → Serving Database → Web Application → User

Detailed real-time connection

If a Spark job fails, the workflow should retry or recover. If a serving database is unavailable, the web application needs
an appropriate fallback or error strategy.

Design checklist
• Identify the data source and expected data volume.

• Choose the appropriate storage layer and data organization.

• Decide whether Hadoop, MapReduce, Spark, or another engine fits the workload.

• Define workflow scheduling, dependency handling, and failure recovery.

• Choose SQL or the appropriate NoSQL model for the serving workload.

• Keep large computations away from latency-sensitive web requests.

• Use Django or another web framework to present processed results.

• Monitor the full path from data source to user.

Heavy-data scenario
If a Spark job fails, the workflow should retry or recover. If a serving database is unavailable, the web application
needs an appropriate fallback or error strategy. At large scale, the architecture may involve distributed storage nodes,
many processing executors, scheduled workflows, replicated databases, web servers, and continuous monitoring.

Key idea: This integrated view connects the three units: storage holds large data, batch engines turn data into useful
results, and serving/web layers make those results accessible to people and applications.
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INTEGRATED TOPIC 25

Security Across Storage and Web

Conceptual explanation

Big Data systems require access control for data storage, processing, databases, and web applications.

Storage → Batch Processing → Serving Database → Web Application → User

Detailed real-time connection

Sensitive customer data can be restricted at storage and database layers while Django authentication and authorization
control who can view dashboards.

Design checklist
• Identify the data source and expected data volume.

• Choose the appropriate storage layer and data organization.

• Decide whether Hadoop, MapReduce, Spark, or another engine fits the workload.

• Define workflow scheduling, dependency handling, and failure recovery.

• Choose SQL or the appropriate NoSQL model for the serving workload.

• Keep large computations away from latency-sensitive web requests.

• Use Django or another web framework to present processed results.

• Monitor the full path from data source to user.

Heavy-data scenario
Sensitive customer data can be restricted at storage and database layers while Django authentication and
authorization control who can view dashboards. At large scale, the architecture may involve distributed storage nodes,
many processing executors, scheduled workflows, replicated databases, web servers, and continuous monitoring.

Key idea: This integrated view connects the three units: storage holds large data, batch engines turn data into useful
results, and serving/web layers make those results accessible to people and applications.
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INTEGRATED TOPIC 26

Scalability Across the Stack

Conceptual explanation

Scaling one layer does not automatically solve the system's bottleneck. Storage, compute, databases, network, and
web servers must be considered together.

Storage → Batch Processing → Serving Database → Web Application → User

Detailed real-time connection

A dashboard may have a fast Django server but still respond slowly if every request launches an expensive analytics
query. Precomputation and serving stores can solve this architectural mismatch.

Design checklist
• Identify the data source and expected data volume.

• Choose the appropriate storage layer and data organization.

• Decide whether Hadoop, MapReduce, Spark, or another engine fits the workload.

• Define workflow scheduling, dependency handling, and failure recovery.

• Choose SQL or the appropriate NoSQL model for the serving workload.

• Keep large computations away from latency-sensitive web requests.

• Use Django or another web framework to present processed results.

• Monitor the full path from data source to user.

Heavy-data scenario
A dashboard may have a fast Django server but still respond slowly if every request launches an expensive analytics
query. Precomputation and serving stores can solve this architectural mismatch. At large scale, the architecture may
involve distributed storage nodes, many processing executors, scheduled workflows, replicated databases, web
servers, and continuous monitoring.

Key idea: This integrated view connects the three units: storage holds large data, batch engines turn data into useful
results, and serving/web layers make those results accessible to people and applications.
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INTEGRATED TOPIC 27

SQL and NoSQL Together

Conceptual explanation

Many real systems use multiple database models because different workloads need different strengths.

Storage → Batch Processing → Serving Database → Web Application → User

Detailed real-time connection

An organization can keep orders in SQL, sessions in key-value storage, product content in a document database,
time-series-style operational data in a column-family store, and relationship analysis in a graph database.

Design checklist
• Identify the data source and expected data volume.

• Choose the appropriate storage layer and data organization.

• Decide whether Hadoop, MapReduce, Spark, or another engine fits the workload.

• Define workflow scheduling, dependency handling, and failure recovery.

• Choose SQL or the appropriate NoSQL model for the serving workload.

• Keep large computations away from latency-sensitive web requests.

• Use Django or another web framework to present processed results.

• Monitor the full path from data source to user.

Heavy-data scenario
An organization can keep orders in SQL, sessions in key-value storage, product content in a document database,
time-series-style operational data in a column-family store, and relationship analysis in a graph database. At large
scale, the architecture may involve distributed storage nodes, many processing executors, scheduled workflows,
replicated databases, web servers, and continuous monitoring.

Key idea: This integrated view connects the three units: storage holds large data, batch engines turn data into useful
results, and serving/web layers make those results accessible to people and applications.
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INTEGRATED TOPIC 28

Why Serving Databases Matter

Conceptual explanation

Large-scale analytics is valuable only when its results can be consumed efficiently. Serving databases bridge analytics
and applications.

Storage → Batch Processing → Serving Database → Web Application → User

Detailed real-time connection

A recommendation model can generate product scores in Spark, store the top recommendations in a fast serving store,
and let Django retrieve them during a user request.

Design checklist
• Identify the data source and expected data volume.

• Choose the appropriate storage layer and data organization.

• Decide whether Hadoop, MapReduce, Spark, or another engine fits the workload.

• Define workflow scheduling, dependency handling, and failure recovery.

• Choose SQL or the appropriate NoSQL model for the serving workload.

• Keep large computations away from latency-sensitive web requests.

• Use Django or another web framework to present processed results.

• Monitor the full path from data source to user.

Heavy-data scenario
A recommendation model can generate product scores in Spark, store the top recommendations in a fast serving
store, and let Django retrieve them during a user request. At large scale, the architecture may involve distributed
storage nodes, many processing executors, scheduled workflows, replicated databases, web servers, and continuous
monitoring.

Key idea: This integrated view connects the three units: storage holds large data, batch engines turn data into useful
results, and serving/web layers make those results accessible to people and applications.
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INTEGRATED TOPIC 29

Final Integrated Revision

Conceptual explanation

The three units form a connected architecture: distributed storage provides durable scale, batch engines transform
data, and serving/web frameworks deliver results to users.

Storage → Batch Processing → Serving Database → Web Application → User

Detailed real-time connection

A complete platform may therefore follow: Sources → HDFS/Data Lake → Hadoop/Spark → Oozie workflow →
SQL/NoSQL serving layer → Django application → User/Decision.

Design checklist
• Identify the data source and expected data volume.

• Choose the appropriate storage layer and data organization.

• Decide whether Hadoop, MapReduce, Spark, or another engine fits the workload.

• Define workflow scheduling, dependency handling, and failure recovery.

• Choose SQL or the appropriate NoSQL model for the serving workload.

• Keep large computations away from latency-sensitive web requests.

• Use Django or another web framework to present processed results.

• Monitor the full path from data source to user.

Heavy-data scenario
A complete platform may therefore follow: Sources → HDFS/Data Lake → Hadoop/Spark → Oozie workflow →
SQL/NoSQL serving layer → Django application → User/Decision. At large scale, the architecture may involve
distributed storage nodes, many processing executors, scheduled workflows, replicated databases, web servers, and
continuous monitoring.

Key idea: This integrated view connects the three units: storage holds large data, batch engines turn data into useful
results, and serving/web layers make those results accessible to people and applications.


