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About This Course

Big Data Analytics is the science of examining massive, fast-moving, and diverse datasets to uncover
hidden patterns, correlations, market trends, and customer preferences that help organizations make
informed decisions. This handout follows the structure of the Virtual University course: the
characteristics of big data, the analytics lifecycle, Hadoop and MapReduce, NoSQL stores, stream
processing, data mining methods at scale, and the practical and ethical side of big-data projects.

Each lecture lists learning objectives, explains concepts with definitions, works through examples, and
ends with exam-oriented key points, a summary, and review questions.
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Lecture 1: Introduction to Big Data

Learning Objectives
Define big data and the 5 Vs

Explain why traditional databases are insufficient

Describe the big-data technology ecosystem

Big data is data whose volume, velocity, or variety exceeds the capacity of traditional database
systems to capture, store, manage, and process it. The classic definition centers on the three Vs:
Volume (terabytes to petabytes of data), Velocity (data arriving in streams that must be processed in
near real time), and Variety (structured tables, semi-structured logs and JSON, and unstructured text,
images, and video). Later formulations add Veracity (uncertainty and quality of data) and Value (the
business benefit extracted).

Traditional relational databases were designed for structured data with a fixed schema, ACID
transactions, and scale-up architectures. They struggle with big data for three reasons: they cannot
easily scale out to hundreds of machines, they require schema-on-write which is too rigid for
heterogeneous data, and they are not economical for storing petabytes. Big-data systems invert these
assumptions: schema-on-read, distributed storage, and commodity hardware.

The big-data ecosystem consists of tools for ingestion (Flume, Kafka, Sqoop), storage (HDFS, cloud
object stores), processing (MapReduce, Spark), NoSQL databases (HBase, Cassandra, MongoDB),
stream processing (Storm, Spark Streaming, Flink), and visualization (Tableau, D3). Organizations
adopt big data because data has become a production factor: better decisions, operational efficiency,
and new products built on data.

Key Definitions
Big data is defined as datasets characterized by extreme volume, velocity, and variety that require
new technologies and techniques to capture, store, distribute, manage, and analyze.

The 5 Vs is defined as the five characteristics of big data: Volume, Velocity, Variety, Veracity, and
Value.

Examples

m Volume: a telecom operator generates call-detail records for 50 million subscribers daily —
terabytes per day.

m Velocity: a stock exchange streams millions of trades per second that must be risk-checked within
milliseconds.

m Variety: an e-commerce site combines order tables, clickstream logs, product reviews, and images.

Key Points — very important for exams

Big data = volume, velocity, variety (+ veracity, value) beyond traditional systems.
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RDBMS limits: scale-up only, rigid schema-on-write, uneconomical at petabyte scale.

Big-data stack: ingest — store (HDFS) - process (MapReduce/Spark) -~ NoSQL - stream -

visualize.

Business driver: data as a production factor — decisions, efficiency, new products.

Very important: be able to define each of the 5 Vs precisely for the exam.

Note:

Note: exam questions frequently ask for the 3 Vs versus 5 Vs distinction — Volume, Velocity, Variety
are the original three; Veracity (data quality/trustworthiness) and Value (business benefit) were added

later.

Review Questions
? What is schema-on-read and why does it suit big data?

? Give a Pakistan-relevant example of each of the 5 Vs.

Section Summary

Big data is defined by the 5 Vs. Its rise forced a shift from scale-up relational systems to distributed,

schema-on-read, commodity-hardware architectures,
ingestion—storage—processing—serving pipeline.

Exam Pointers
- Explain the 5 Vs of big data with one example each.

- Why do traditional RDBMS fail on big data? Give three reasons.

- Name the layers of the big-data ecosystem.

Lecture 2: Types and Sources of Data

Learning Objectives
Classify data by structure and by source

Explain batch vs streaming data

Understand the role of metadata

organized into an

Structured data has a fixed schema and fits in tables: rows and columns, as in a relational database or
spreadsheet. Semi-structured data has organizational properties but no rigid schema: XML, JSON, log
files, and email carry tags or keys that make them self-describing. Unstructured data has no predefined
organization: plain text documents, images, audio, and video. Roughly 80% of enterprise data is
unstructured, which is why big-data tools emphasize text and media processing.

Data can also be classified by source: machine-generated (sensor readings, server logs, GPS),
human-generated (social media posts, emails, reviews), and transactional (orders, payments). By time
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behavior: batch data arrives in chunks (nightly dumps), while streaming data arrives continuously
(clickstreams, I0T sensors) and often requires real-time or near-real-time processing.

Metadata — data about data — becomes critical at scale: schema registries, data catalogs, and
lineage tracking tell analysts what each dataset means and where it came from. Without metadata
governance, a data lake degenerates into a data swamp.

Key Definitions
Structured data is defined as data that conforms to a fixed, predefined schema, typically stored in
relational tables with rows and columns.

Semi-structured data is defined as data that is self-describing through tags or keys but lacks a rigid
predefined schema, e.g., JSON, XML, log files.

Metadata is defined as information describing a dataset: its schema, origin, transformations, and
guality — essential for governing big data.

Examples
m Structured: NADRA citizen records in a relational table.

m Semi-structured: web server access logs with variable fields per line.

m Unstructured: product review videos on YouTube.

Key Points — very important for exams
Three forms: structured (tables), semi-structured (JSON/XML/logs), unstructured (text/media).
Sources: machine-generated, human-generated, transactional.

Batch vs streaming arrival determines processing design.

Metadata and governance prevent the data-lake-to-swamp problem.

Review Questions
? Why is unstructured data the biggest challenge and opportunity?

? Classify: mobile tower CDRs, tweets, bank transactions.

Section Summary
Data comes in many forms and speeds. Big-data architectures must handle all three structural types
and both batch and streaming arrivals, held together by metadata.

Exam Pointers
- Distinguish structured, semi-structured, and unstructured data with examples.

- What is a data swamp and how is it prevented?

Lecture 3: The Data Analytics Lifecycle
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Learning Objectives
Describe the six phases of the analytics lifecycle

Explain the deliverable of each phase

The Data Analytics Lifecycle has six phases: (1) Discovery — frame the business problem, assess
resources, and form hypotheses; (2) Data preparation — acquire data, explore it, condition it (clean,
normalize, transform); (3) Model planning — choose methods and tools; (4) Model building — train and
test models; (5) Communicate results — present findings to stakeholders; (6) Operationalize — deploy
models into production and monitor them.

Phase 1 is the most underrated and the most decisive. A precisely framed problem (‘which customers
will churn in 90 days?') with a measurable success criterion beats vague goals (‘understand our
customers'). Stakeholder interviews, available-data inventory, and a first hypothesis set the direction;
skipping this phase produces technically fine models that answer the wrong question.

Phases 2 and 4 consume most effort. Data preparation routinely takes 60—80% of project time: missing
values, inconsistent formats, outliers, and joining silos. Model building is iterative: train on a training
set, tune on a validation set, and report honest performance on a held-out test set. Finally,
operationalization means the model runs automatically on new data with monitoring for drift — a model
whose accuracy decays silently is worse than no model.

Key Definitions
Data Analytics Lifecycle is defined as the six-phase process — discovery, data preparation, model
planning, model building, communicating results, operationalize — that structures an analytics
project.

Model drift is defined as a change in the statistical properties of incoming data over time that
degrades a deployed model's accuracy.

Examples
m Discovery: a bank frames 'predict loan default within 12 months' with success = 10% fewer
defaults.

m Preparation: joining core-banking, mobile-app, and call-center data; standardizing CNIC formats.

m Operationalize: the churn model scores customers nightly; alerts go to retention agents.

Key Points — very important for exams

Six phases: discovery — preparation - model planning - building - communicate -
operationalize.

Discovery (problem framing) decides success; preparation consumes 60—-80% of effort.

Always evaluate on held-out data; monitor deployed models for drift.

Very important: be able to list the six phases in order with one line each.
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Note:

Note: examiners love asking 'which phase takes the most time and why' — the answer is data
preparation, because real-world data is messy, siloed, and inconsistent.

Review Questions
? What happens if discovery is skipped?

? What is the difference between validation and test sets?

Section Summary
The lifecycle turns a business question into a deployed, monitored analytical product. Discipline in
discovery and preparation separates successful projects from failed ones.

Exam Pointers
- List and explain the six phases of the analytics lifecycle.

- Why does data preparation consume most project time?

Lecture 4. Hadoop Ecosystem and HDFS

Learning Objectives
Describe Hadoop's core components

Explain HDFS architecture and fault tolerance

Hadoop is an open-source framework for distributed storage and processing of large datasets on
clusters of commodity hardware. Its two original pillars are HDFS (storage) and MapReduce
(processing). Later the ecosystem added YARN (resource management), and the broader family
includes Hive, Pig, HBase, Spark, and others.

HDFS, the Hadoop Distributed File System, stores files as blocks (typically 128 MB) replicated across
data nodes — default replication factor 3. A NameNode holds metadata (which blocks make up which
file, where they live); DataNodes hold the actual blocks. Replication gives fault tolerance: if a node
dies, its blocks are re-replicated elsewhere. HDFS is optimized for large files and sequential reads —
write-once, read-many — and is poor for small files and random updates.

YARN (Yet Another Resource Negotiator) separates resource management from processing. A global
ResourceManager allocates containers; per-application ApplicationMasters negotiate resources and
monitor tasks. This let Hadoop run MapReduce, Spark, Tez, and other engines on one cluster. The
design philosophy throughout is: move computation to data, assume hardware fails, and scale out on
cheap machines.

Key Definitions
HDFS is defined as a distributed file system that stores large files as replicated blocks across
commodity machines, with a NameNode for metadata and DataNodes for block storage.
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YARN is defined as Hadoop's cluster resource manager that allocates containers to applications via a
ResourceManager and per-application ApplicationMasters.

Examples
m A 1 GB file is split into eight 128 MB blocks; each block is stored on 3 different DataNodes.

m |[f a DataNode fails, the NameNode instructs surviving nodes to re-replicate its blocks.

m A Spark job and a MapReduce job share one YARN cluster, each getting containers.

Key Points — very important for exams
Hadoop = HDFS (storage) + MapReduce/YARN-era processing on commodity hardware.
HDFS: 128 MB blocks, 3% replication, NameNode metadata + DataNode storage.

Replication = fault tolerance; write-once, read-many; bad for small files/random writes.

YARN decouples resource management so multiple engines share one cluster.

Review Questions
? Why is the NameNode a single point of failure, and how is it mitigated?

? Why does HDFS use large block sizes?

Section Summary
Hadoop brought reliable, economical petabyte storage to commodity clusters. HDFS's block replication
and YARN's resource sharing are the two ideas to remember.

Exam Pointers
- Explain the HDFS architecture: NameNode, DataNode, blocks, replication.

- What problem does YARN solve?

Lecture 5: MapReduce Programming Model

Learning Objectives
. Explain the MapReduce programming model

. Trace data flow through a job

MapReduce is a programming model for processing large datasets in parallel: the programmer writes a
Map function that transforms input records into (key, value) pairs and a Reduce function that
aggregates all values for each key. The framework handles partitioning, scheduling, fault tolerance,
and the shuffle — moving map outputs to the right reducers.

A word-count example: the input is split; each mapper emits (word, 1) for every word; the framework
groups pairs by word (the shuffle/sort); each reducer sums the 1s per word and emits (word, total). The
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combiner — a mini-reducer on the mapper side — cuts network traffic by pre-aggregating.

Fault tolerance comes from re-execution: if a mapper fails, its task is re-run on another node, reading
its input split from HDFS (which is replicated). Speculative execution runs slow tasks twice and takes
the first result, fighting stragglers. MapReduce is excellent for batch ETL and simple aggregations but
awkward for iterative algorithms (each iteration re-reads from disk) and for low-latency queries — gaps
that Spark later filled.

Key Definitions
MapReduce is defined as a parallel programming model in which a Map function emits (key, value)
pairs and a Reduce function aggregates values per key, with the framework handling distribution and
fault tolerance.

Shuffle and sort is defined as the phase in which map outputs are partitioned, sorted, and
transferred to reducers grouped by key.

Examples
m Word count: map emits ("data",1) per occurrence; reduce sums to ("data", 47).

m Log analysis: map emits (hour, 1) per error line; reduce counts errors per hour.

m Combiner: pre-sums ("data”,1)x1000 into ("data",1000) before the network shuffle.

Key Points — very important for exams
Map: input - (key,value); Reduce: per-key aggregation; framework does the rest.
Shuffle/sort moves map output to reducers; combiner trims network traffic.

Fault tolerance by re-execution; speculative execution fights stragglers.

Great for batch aggregation; poor for iterative ML and interactive queries.

Review Questions
? When would you use a combiner? When must you not?

? Why is MapReduce slow for iterative algorithms?

Section Summary
MapReduce made cluster programming accessible: write two functions, get parallelism and fault
tolerance free. Its batch nature defines both its power and its limits.

Exam Pointers
- Trace a MapReduce word-count job end to end.

- How does MapReduce achieve fault tolerance?

Lecture 6: Apache Spark
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Learning Objectives
Explain RDDs and lineage-based fault tolerance

Describe Spark's API and stack

Apache Spark is a unified analytics engine built around Resilient Distributed Datasets (RDDS):
immutable, partitioned collections that can be rebuilt from lineage if a partition is lost. Unlike
MapReduce, Spark keeps intermediate data in memory, making iterative algorithms (machine learning,
graph processing) 10-100x faster.

Spark's API centers on transformations (map, filter, join — lazy, building a DAG) and actions (count,
collect, save — triggering execution). Lazy evaluation lets the DAG scheduler optimize the whole plan
(pipelining, predicate pushdown) before running anything. DataFrames add a relational layer with the
Catalyst optimizer, and Spark SQL lets analysts query with SQL.

The Spark stack: Spark SQL, MLIib (machine learning), GraphX (graphs), and Structured Streaming
(stream processing with the same DataFrame API). Deployment runs on YARN, Kubernetes, or
standalone. Very important: RDD lineage is Spark's fault-tolerance mechanism — lost partitions are
recomputed from the transformation graph, not replicated.

Key Definitions
RDD (Resilient Distributed Dataset) is defined as Spark's core abstraction: an immutable,
partitioned dataset whose lost partitions can be recomputed from its transformation lineage.

Transformations vs actions is defined as Spark operations that build a computation DAG lazily
(e.g., map, filter) versus operations that trigger execution (e.g., count, collect).

Examples
m Logistic regression in MLIib iterates 100 times over cached in-memory data instead of re-reading
HDFS each round.

m df filter("age > 30").groupBy("city").count() — Catalyst optimizes the plan before execution.

m Structured Streaming reads Kafka with the same DataFrame code as a batch job.

Key Points — very important for exams
Spark = in-memory, unified engine; RDDs with lineage-based fault tolerance.
Lazy transformations build a DAG; actions trigger optimized execution.

DataFrames + Catalyst bring SQL-speed optimization.

Stack: SQL, MLIib, GraphX, Structured Streaming — one engine, many workloads.

Review Questions
? Why is Spark faster than MapReduce for iterative ML?

? What does the Catalyst optimizer do?
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Section Summary

Spark replaced MapReduce as the default batch engine by keeping data in memory and unifying SQL,
ML, graph, and streaming under one API.

Exam Pointers
- How does Spark's fault tolerance differ from MapReduce's?

- Distinguish transformations from actions with examples.

Lecture 7: NoSQL Databases

Learning Objectives
. Classify NoSQL databases

. Apply the CAP theorem to technology choice

NoSQL (‘not only SQL") databases abandon the relational model's rigid schema and joins to gain
scalability, flexibility, and availability. The four families: key-value stores (Redis, DynamoDB) — simple
get/put, extreme speed; document stores (MongoDB, Couchbase) — JSON documents, flexible
schema; column-family stores (Cassandra, HBase) — wide rows, massive write throughput; graph
databases (Neo4j) — nodes and relationships, traversal queries.

The CAP theorem states a distributed data store can guarantee at most two of Consistency,
Availability, and Partition tolerance. Since partitions happen in real networks, the real choice is between
consistency and availability during a partition: CP systems (HBase, MongoDB) favor consistency; AP
systems (Cassandra, DynamoDB) favor availability. BASE (Basically Available, Soft state, Eventually
consistent) is the NoSQL counterpart to ACID.

Choose by workload: need flexible product catalogs — document store; need to ingest millions of
sensor writes — column-family; need sub-millisecond session cache - key-value; need fraud rings —
graph. Schema design in NoSQL is query-driven: model data around the questions you will ask,
denormalizing aggressively — the opposite of relational normalization.

Key Definitions
CAP theorem is defined as a theorem stating that a distributed system can simultaneously provide at
most two of consistency, availability, and partition tolerance.

BASE is defined as an approach to distributed data (Basically Available, Soft state, Eventually
consistent) that trades immediate consistency for availability and partition tolerance.

Examples
m MongoDB stores product catalogs where each product has different attributes.

m Cassandra ingests smart-meter readings at millions of writes per second.

m Neo4j finds money-laundering rings by traversing account-transfer relationships.

) vulearn,inghub.xyz | _b¥ \{S) Learnin%HUB
Virtual University of Pakistan — Study Handout Page 12



Key Points — very important for exams
Four families: key-value, document, column-family, graph.
CAP: pick two — in practice, consistency vs availability during partitions.

BASE replaces ACID where scale matters more than immediate consistency.

Design query-first and denormalize; the reverse of relational habits.

Review Questions
? Which NoSQL family fits a social network's friend graph? Why?

? What does 'eventual consistency' mean for an application?

Section Summary

NoSQL trades relational generality for scale and flexibility. Match the family to the access pattern and
accept the CAP trade-off consciously.

Exam Pointers
- Name the four NoSQL families with one example and one use case each.

- Explain the CAP theorem and the CP vs AP choice.

Lecture 8: Stream Processing

Learning Objectives
Explain stream processing concepts

Compare streaming architectures

Stream processing analyzes data in motion — each event is processed as it arrives, with results in
milliseconds to seconds. Contrast with batch: batch has high latency but complete data; streaming has
low latency but must handle out-of-order and late events. Lambda architecture ran both (batch layer for
accuracy, speed layer for freshness); Kappa architecture simplified to a single streaming pipeline with
replayable logs.

Core concepts: event time (when the event happened) vs processing time (when the system sees it);
windows — tumbling (fixed, non-overlapping), sliding (overlapping), and session (activity-based) —
which bound infinite streams into finite chunks for aggregation; watermarks, which track event-time
progress and decide when a window's results are emitted despite late data.

Technologies: Apache Kafka as the durable event log; Spark Structured Streaming, Apache Flink (true
event-time processing, exactly-once semantics), and Kafka Streams for processing. Use cases: fraud
detection, real-time recommendations, I0oT monitoring, and live dashboards — anywhere waiting for a
nightly batch costs money.

Key Definitions
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Windowing is defined as dividing an unbounded event stream into finite chunks for aggregation:
tumbling (fixed, non-overlapping), sliding (overlapping), or session (gap-based) windows.

Watermark is defined as a marker of event-time progress in a stream that lets the system emit
window results while handling late-arriving data.

Examples
m Tumbling window: count ad clicks per 5-minute window for billing.

m Sliding window: 1-hour average speed updated every minute from vehicle GPS events.

m Fraud: flag a card used in two countries within 10 minutes — impossible in nightly batch.

Key Points — very important for exams

Streaming = low latency on infinite data; batch = complete but slow.

Event time vs processing time; windows make streams finite; watermarks handle lateness.
Lambda (batch+speed) - Kappa (streaming + replayable log).

Kafka for transport; Flink/Spark Streaming/Kafka Streams for compute.

Review Questions
? Why can a nightly batch job not detect ATM fraud in time?

? What problem do watermarks solve?

Section Summary
Stream processing trades the comfort of complete data for the value of immediate insight, using
windows and watermarks to tame infinity.

Exam Pointers
- Compare batch vs stream processing on latency and completeness.

- Explain event time vs processing time and why the distinction matters.

Lecture 9: Data Mining Methods at Scale

Learning Objectives
Describe major data mining tasks

Explain scaling challenges and remedies

Data mining at scale adapts classical methods to distributed data. Classification assigns items to
predefined classes (spam vs not spam) using decision trees, Naive Bayes, SVMs, or neural networks;
clustering (k-means, DBSCAN) discovers groups without labels; association rules (Apriori) find
‘customers who bought X also bought Y'; regression predicts numeric values.
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The challenge is scale: algorithms must be parallelizable (map-friendly), work in one or few passes,
and handle data that does not fit in memory. Techniques include data sampling, dimensionality
reduction (PCA), and online/incremental algorithms. Evaluation uses train/validation/test splits with
metrics like accuracy, precision, recall, F1, and AUC — and, very important, the business metric the
model is meant to move.

Recommendation systems are the flagship application: collaborative filtering (users who liked X also
liked Y), content-based filtering (recommend items similar to what you liked), and hybrid approaches,
evaluated by precision@k and deployed at companies like Netflix and Daraz.

Key Definitions
Classification is defined as assigning data items to predefined categories using a model trained on
labeled examples.

Clustering is defined as discovering natural groupings in unlabeled data, e.g., k-means or DBSCAN.

Examples
m Classification: telecom churn prediction from usage features.

m Clustering: k-means segments customers into 5 behavioral groups for marketing.

m Association: market-basket analysis finds {diapers} - {baby wipes}.

Key Points — very important for exams
Core tasks: classification, clustering, association, regression.
Scale demands parallel, few-pass, out-of-core algorithms; use sampling and PCA.

Evaluate on held-out data with precision/recall/F1 — plus the business metric.

Recommenders (collaborative + content-based) are the flagship big-data application.

Review Questions
? When is clustering preferable to classification?

? What is precision@k in recommendations?

Section Summary
Data mining provides the analytical methods; big-data engineering provides the scale. The marriage
needs algorithms redesigned for distribution and evaluation tied to business value.

Exam Pointers
- Distinguish classification, clustering, and association rules.

- Why can't classical algorithms run unchanged on big data?

Lecture 10: Text Analytics and NLP
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Learning Objectives
Describe text preprocessing and representation

Explain sentiment analysis, topic modeling, NER

Text analytics turns unstructured text into structured insight: tokenization, stop-word removal,
stemming/lemmatization, then representations from bag-of-words and TF-IDF to word embeddings
(Word2Vec) and transformers. Tasks include sentiment analysis, topic modeling (LDA), named-entity
recognition, and document classification.

Sentiment analysis classifies text as positive/negative/neutral — used for brand monitoring and product
feedback. It is hard: sarcasm, negation ('not good'), and domain slang defeat naive word counting,
which is why context-aware models outperform lexicons. Topic modeling discovers latent themes
across a corpus without labels; NER extracts people, organizations, and locations for knowledge
graphs.

At big-data scale, text pipelines run on Spark (MLIlib's tokenizers, Word2Vec) or specialized NLP
frameworks, processing millions of documents. Evaluation mirrors classification metrics, with extra
attention to class imbalance — e.g., 95% of reviews may be positive.

Key Definitions
TF-IDF is defined as weighting a term by its frequency in a document discounted by its rarity across
the corpus, highlighting distinctive terms.

LDA (Latent Dirichlet Allocation) is defined as a probabilistic model that discovers latent topics as
distributions over words across a document collection.

Examples
m TF-IDF: 'the' is frequent but uninformative; ‘overheating' is rare and distinctive in phone reviews.

m Brand monitoring: daily sentiment of tweets about a telecom operator, alerting on spikes of
negativity.

m NER: extracting company names from news to build an investment knowledge graph.

Key Points — very important for exams

Pipeline: tokenize — normalize - represent (TF-IDF/embeddings) — model.
Sentiment is hard: sarcasm, negation, domain language.

LDA finds topics; NER extracts entities — both scale on Spark.

Watch class imbalance in evaluation.

Review Questions
? TF-IDF vs raw counts: when does each win?

? How would you detect sarcasm in reviews?
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Section Summary
Most big data is text. A disciplined pipeline plus scale-aware tooling converts it into measurable insight.

Exam Pointers
- Outline a text-analytics pipeline from raw text to insight.

- Why is sentiment analysis harder than it looks?

Lecture 11: Data Visualization

Learning Objectives
Apply visualization principles

Explain scale challenges in visualization

Data visualization is the final, human-facing stage of analytics: it communicates findings and lets
analysts explore. Principles: choose the chart for the message (bars for comparison, lines for trends,
scatter for relationships, maps for geography); maximize the data-ink ratio (Tufte) — remove chartjunk;
start bar axes at zero; label directly instead of relying on legends; and use color intentionally, with
accessibility for color-blind viewers.

Dashboards monitor KPIs in real time; exploratory visualization (histograms, box plots, correlation
matrices) is part of data preparation — Anscombe's quartet famously shows identical summary
statistics hiding wildly different patterns that only plots reveal. Interactive tools (Tableau, Power BI,
D3.js, Plotly) let users drill down; static reports document decisions.

Visualization at big-data scale needs aggregation: you cannot plot a billion points. Techniques include
binning/heatmaps, sampling, and server-side rendering with tools like Datashader. A misleading
visualization — truncated axes, cherry-picked ranges — is a form of lying with data, and analysts must
guard against it.

Key Definitions
Data-ink ratio is defined as the ratio of ink used to display data versus total ink; maximizing it
removes non-informative decoration.

Anscombe's quartet is defined as four datasets with identical summary statistics but completely
different structures, proving that visualization is essential in exploratory analysis.

Examples
m Anscombe's quartet: same means and correlations, four different stories — only plots show it.

m Dashboard: telecom NOC wall showing live network KPIs with drill-down by region.

m Heatmap: a billion GPS points binned into a city traffic-density map.

Key Points — very important for exams

Match chart to message; maximize data-ink; label directly; use color accessibly.
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Visualization is part of exploration (Anscombe's quartet), not just reporting.

Big data needs aggregation: binning, sampling, server-side rendering.

Misleading charts are lying with data — guard the axes and ranges.

Review Questions
? When is a line chart wrong and a bar chart right?

? How would you visualize a billion-point dataset?

Section Summary

Visualization turns analysis into understanding. Good charts are honest, minimal, and matched to the
guestion; at scale they must summarize before they show.

Exam Pointers
- State four principles of effective visualization.

- Why must big-data visualization use aggregation?

Lecture 12: Managing Big-Data Projects: Governance and Ethics

Learning Objectives
Describe project success factors and failure modes

Explain governance and ethical responsibilities

A big-data project succeeds on process, not just tools. Team roles: data engineers (pipelines, storage),
data scientists (modeling), analysts (domain questions), and a product-minded lead tying work to
business value. Agile, iterative delivery — a thin end-to-end slice first — beats big-bang builds.

Common failure modes: no clear business question (technology in search of a problem),
underestimating data preparation, the 'model on a laptop' that cannot be operationalized, ignoring data
quality, and no plan for monitoring. Governance covers data quality, lineage, access control, and
compliance (e.g., Pakistan's PECA and data-protection expectations, GDPR for international data).

Ethics matter at scale: biased training data produces discriminatory models (hiring, lending); privacy
requires anonymization, aggregation, and consent — re-identification attacks show that ‘anonymized' is
often reversible; and surveillance applications need oversight. Responsible analytics documents data
provenance, tests for bias, and respects privacy by design.

Key Definitions
Data governance is defined as the practice of ensuring data is accurate, complete, consistent, and
traceable from source to use.

Algorithmic bias is defined as systematic unfairness in model outcomes against protected groups,
arising from biased training data or flawed problem framing.
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Examples
m Failure: a retailer builds a Hadoop cluster with no defined use case — an expensive science
project.

m Bias: a hiring model trained on historical data penalizes women's CVs.

m Privacy: 'anonymized' taxi-trip data re-identified by matching home/work locations.

Key Points — very important for exams

Roles: engineers, scientists, analysts, product lead; deliver thin slices iteratively.

Top failures: no business question, underestimated prep, un-deployable models, no monitoring.
Governance: quality, lineage, access control, compliance.

Ethics: bias, privacy/re-identification, surveillance oversight — very important.

Note:

Note: 'name three ethical issues in big data' is a common short question — answer: algorithmic bias,
privacy and re-identification risk, and lack of consent/transparency.

Review Questions
? Your model is accurate but biased — what do you do?

? How would you govern a multi-source customer data lake?

Section Summary
Tools are the easy part. Successful big-data work pairs engineering discipline with governance and
ethics, always anchored to a real business question.

Exam Pointers
- List five reasons big-data projects fail.

- What are the key ethical concerns in big-data analytics?

Lecture 13: Data Warehousing vs Data Lakes

Learning Objectives
Compare warehouses, lakes, and lakehouses

Explain ETL and dimensional modeling

A data warehouse is a subject-oriented, integrated, time-variant, non-volatile collection of data
supporting management decisions (Inmon). Data is extracted from operational systems, transformed
(cleaned, conformed), and loaded — the ETL process — into a central repository optimized for
guerying, often modeled as star or snowflake schemas with fact and dimension tables.
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A data lake stores raw data in its native format (structured, semi-structured, unstructured) in cheap
object storage, applying schema-on-read. Lakes are flexible and economical but risk becoming
swamps without governance. The modern lakehouse combines both: data-lake economics with
warehouse features (ACID transactions, indexing) via formats like Delta Lake, Iceberg, and Hudi.

Choose by need: warehouses serve Bl analysts with clean, governed, SQL-friendly data; lakes serve
data scientists exploring raw data and training ML models. Most enterprises now run both, with the lake
feeding the warehouse.

Key Definitions
ETL is defined as the process of extracting data from sources, transforming it (cleaning, conforming),
and loading it into a target repository.

Star schema is defined as a star-schema structure with a central fact table of measurements
surrounded by dimension tables of descriptive attributes.

Examples
m A retailer's warehouse holds conformed sales facts for Bl dashboards.

m The same retailer's lake holds raw clickstreams for data-science experiments.

Key Points — very important for exams

Warehouse: cleaned, structured, SQL-ready; lake: raw, flexible, cheap.
ETL feeds warehouses; ELT/schema-on-read feeds lakes.

Lakehouse (Delta/Iceberg/Hudi) merges both — very important concept.

Governance decides whether a lake stays a lake or becomes a swamp.

Review Questions
? When would you query the lake directly instead of the warehouse?

? What problems do Delta Lake/Iceberg solve?

Section Summary

Warehouses and lakes serve different consumers. The lakehouse pattern is converging them into one
governed platform.

Exam Pointers
- Contrast data warehouses and data lakes.

- What is a lakehouse?

Lecture 14: Hive and Pig: SQL on Hadoop

Learning Objectives

) vulearn,inghub.xyz | _b¥ \{S) Learnin%HUB
Virtual University of Pakistan — Study Handout Page 20



. Explain Hive and Pig

. Describe partition pruning

Apache Hive provides a SQL-like interface (HiveQL) over Hadoop: tables map to HDFS directories,
and queries compile to MapReduce/Tez/Spark jobs. It brought familiar SQL to petabyte data, with
partitioning (e.g., by date) and bucketing to prune data scanned. Hive is for batch analytics, not
millisecond queries.

Apache Pig offers Pig Latin, a procedural dataflow language (‘'LOAD ... FILTER ... GROUP ... STORE)
suited to ETL pipelines that SQL expresses awkwardly. Both were the workhorses of the early Hadoop
era; today Spark SQL has largely absorbed their roles, but the concepts — declarative vs dataflow,
partition pruning — persist.

The lesson: SQL won. Even in big data, the winning interfaces look like SQL (Hive, Spark SQL,
BigQuery, Presto/Trino), because analysts outnumber programmers and declarative queries optimize
better.

Key Definitions
HiveQL is defined as Hive's SQL-like query language for querying Hadoop data.

Examples

m Hive: SELECT city, COUNT(*) FROM clicks WHERE dt="2026-10-01' GROUP BY city — partition
pruning reads one day only.

m Pig Latin ETL: LOAD logs - FILTER errors -~ GROUP by hour — STORE results.

Key Points — very important for exams
Hive = SQL over HDFS; Pig = dataflow scripting for ETL.

Partitioning and bucketing prune 1/O — the key performance trick.

SQL-like interfaces won because analysts and optimizers prefer them.

Review Questions
? Write a Hive query that benefits from partitioning.

? When is Pig Latin more natural than SQL?

Section Summary

Hive and Pig made Hadoop usable by non-Java programmers; their ideas live on in Spark SQL and
modern query engines.

Exam Pointers
- What are Hive and Pig, and how do they differ?

- Why did SQL-like interfaces win in big data?
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Lecture 15: Graph Processing

Learning Objectives
Explain graph processing challenges

Describe the Pregel model

Many big-data problems are graphs: social networks, the web link graph, fraud rings, road networks.
Graph processing computes over vertices and edges with algorithms like PageRank, connected
components, shortest paths, and community detection.

The challenge is that graphs have irregular, communication-heavy structure — poor fit for
MapReduce's rigid phases. Pregel (Google) introduced the vertex-centric 'think like a vertex' model:
vertices compute in supersteps, exchanging messages with neighbors, with barrier synchronization
between steps. GraphX brought this to Spark; GraphFrames added DataFrame-based graph queries.

PageRank example: each page starts with rank 1/N; in each superstep, pages distribute their rank to
out-neighbors; after ~30 iterations ranks converge, identifying authoritative pages. The same pattern
detects influential users or fraud hubs.

Key Definitions
Pregel is defined as a vertex-centric distributed graph computation model in which vertices exchange
messages in synchronized supersteps.

Examples
m PageRank on the web graph identifies authoritative pages.

m Connected components on call graphs finds fraud rings sharing phones.

Key Points — very important for exams

Graphs: social, web, fraud, transport networks.

Pregel model: think like a vertex; supersteps with message passing.
GraphX/GraphFrames bring graphs to Spark.

PageRank = iterative rank distribution until convergence.

Review Questions
? Trace two supersteps of PageRank on a 3-page graph.

? Which is more natural in GraphFrames: PageRank or word count?

Section Summary
Graph problems need vertex-centric, iterative computation. Pregel's superstep model made web-scale
graph analytics practical.

Exam Pointers
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- Why is MapReduce a poor fit for graph algorithms?

- Explain the Pregel superstep model.

Lecture 16: Machine Learning with MLIib

Learning Objectives
Build a conceptual MLIib pipeline

Explain distributed ML trade-offs

MLIib is Spark's machine learning library, offering distributed implementations of classification,
regression, clustering, recommendation (ALS), and feature engineering as DataFrame-based
pipelines. A Pipeline chains Transformers (feature extraction) and Estimators (models); CrossValidator
tunes hyperparameters with train/validation splits — all distributed.

Workflow example: text reviews - Tokenizer - HashingTF - LogisticRegression in a Pipeline;
CrossValidator tries regularization strengths; the best model is saved and served. ALS (alternating
least squares) powers collaborative filtering at Netflix/Daraz scale.

Practical notes: feature engineering dominates effort; start with a simple baseline (logistic regression)
before deep learning; monitor training-serving skew (features computed differently in production); and
remember that distributed ML trades some algorithmic sophistication for scale.

Key Definitions
Pipeline is defined as Spark MLIib's abstraction chaining feature transformers and model estimators
into a reproducible workflow.

Examples
m Pipeline: Tokenizer — HashingTF - LogisticRegression, tuned by CrossValidator.

m ALS recommends products from implicit click data at Daraz scale.

Key Points — very important for exams

MLIib = distributed ML as DataFrame pipelines.

Pipelines chain transformers and estimators; CrossValidator tunes them.
Feature engineering dominates real effort; start with strong baselines.

Watch training-serving skew in production.

Review Questions
? Why pipeline the feature steps instead of doing them manually?

? When is ALS preferable to content-based recommendation?

Section Summary
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MLIib brings machine learning to data that never fits on one machine, with pipelines keeping
experiments reproducible.

Exam Pointers
- Describe an MLIib pipeline for text classification.

- What is training-serving skew?

Lecture 17: Cloud Big Data Services

Learning Objectives
. Describe cloud big-data offerings

. Explain the economics and risks

Cloud platforms offer big data as managed services: storage (S3, GCS, ADLS), processing (EMR,
Dataproc, HDInsight), serverless SQL (BigQuery, Athena, Synapse), and streaming (Kinesis,
Pub/Sub). The pitch is elasticity — scale to thousands of nodes for a job, then to zero — and freedom
from cluster administration.

The economics changed analytics: pay-per-query (BigQuery) or pay-per-second (EMR) replaces
capital expenditure on clusters. Architectures are disaggregated: compute and storage scale
independently over object stores, which is why the lakehouse pattern fits the cloud so well.

Trade-offs: data egress fees, vendor lock-in, and security/compliance (data residency — important for
Pakistani banks and government). Multi-cloud and open formats (Parquet, Iceberg) are the hedges.
Very important: the exam may ask why enterprises moved big data to the cloud — answer: elasticity,
managed operations, and pay-as-you-go economics.

Key Definitions
Disaggregated architecture is defined as separating compute from storage so each scales
independently, typically over cloud object storage.

Examples
m A startup runs a nightly 200-node Spark job on EMR for 2 hours, paying only for those hours.

m BigQuery answers an ad-hoc SQL query over terabytes with no cluster to manage.

Key Points — very important for exams

Managed services: EMR/Dataproc, BigQuery/Athena, Kinesis/Pub/Sub.
Elasticity + pay-as-you-go replaced owned clusters.

Disaggregated compute/storage over object stores enables lakehouses.

Watch egress fees, lock-in, and data residency.
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Review Questions
? When is an owned cluster still better than cloud?

? How do open formats reduce lock-in?

Section Summary

The cloud made big data elastic and operationally simple, at the cost of new billing and governance
considerations.

Exam Pointers
- Why did big data move to the cloud?

- What are the risks of cloud analytics?

Lecture 18: Data Quality and Cleansing

Learning Objectives
Define data quality dimensions

Describe cleansing techniques

Garbage in, garbage out is the iron law of analytics: models trained on dirty data produce confident
nonsense. Data quality dimensions: accuracy (correct values), completeness (no missing critical
fields), consistency (same meaning everywhere), timeliness (fresh enough), validity (conforms to
format), and uniqueness (no duplicates).

Cleansing techniques: parsing and standardization (addresses, phone numbers, CNIC formats),
deduplication (fuzzy matching for ‘'Muhammad' vs ‘"Mohammad'), missing-value treatment (drop, impute
with mean/median/model), outlier handling (cap, investigate), and validation rules at ingestion. Profiling
— statistics and distributions per column — finds problems before they poison models.

At scale, quality must be engineered: schema validation in pipelines (reject or quarantine bad records),
data contracts between producers and consumers, and quality dashboards tracking the six dimensions
over time. Note: cleansing decisions (e.g., how you impute) change results — document them.

Key Definitions
Data quality assessment is defined as measuring a dataset against dimensions like accuracy,
completeness, consistency, timeliness, validity, and uniqueness.

Examples
m Standardizing Pakistani mobile numbers to 03XX-XXXXXXX before joining datasets.

m Fuzzy deduplication merges 'Lahore' and 'Lahor' customer records.

Key Points — very important for exams

Six dimensions: accuracy, completeness, consistency, timeliness, validity, uniqueness.
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Cleanse: standardize, deduplicate, impute, handle outliers, validate at ingestion.

Profile data before modeling; engineer quality into pipelines.

Document cleansing choices — they affect results.

Review Questions
? Your model accuracy dropped after a source-system change — how do you diagnose it?

? Mean imputation vs model imputation: trade-offs?

Section Summary
Data quality is not a one-time chore but a pipeline feature. Measure it, enforce it at ingestion, and
document every fix.

Exam Pointers
- Name and explain six data quality dimensions.

- How do you handle missing values and duplicates?

Lecture 19: Data Ethics and Privacy

Learning Objectives
Identify ethical risks

Apply privacy tools

Big-data ethics: privacy (re-identification — anonymized datasets routinely de-anonymized; GDPR's
purpose-limitation and consent rules), bias (models trained on biased data discriminate — hiring,
lending, policing), and surveillance (state and corporate data power). Pakistan's PECA and the
data-protection bill debate: weak enforcement, growing awareness.

The privacy toolkit: anonymization (k-anonymity, I-diversity — and their limits), differential privacy
(mathematical noise guarantees — Apple's and the US Census's choice), and federated learning (train
on devices, share models not data). Ethical ML practice: audit datasets for bias, test models across
groups, document limitations (model cards), and keep humans in high-stakes loops.

Exam framing: ethics is not anti-data — it is pro-trust. Organizations that abuse data lose the social
license analytics needs. The data scientist's oath: minimize collection, protect subjects, audit for bias,
and disclose limits — very important as Al regulation spreads to Pakistan.

Key Definitions
Differential privacy is defined as adding calibrated noise to query results so individuals can't be
identified — the gold-standard privacy guarantee.

Examples
m Re-identification: Netflix prize dataset de-anonymized via IMDb — anonymization failed.
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m Federated: Gboard learning next-word models without uploading keystrokes.

Key Points — very important for exams

Risks: re-identification, bias, surveillance — PECA/GDPR context.
Tools: k-anonymity, differential privacy, federated learning.
Practice: bias audits, model cards, human-in-loop.

Ethics = trust = the license to analyze.

Review Questions
? Design a privacy-preserving analytics pipeline.

? Audit a hiring model for bias — how?

Section Summary
Big data without ethics is surveillance: protect privacy mathematically, audit bias relentlessly, and keep
trust.

Exam Pointers
- What are big data's main ethical risks?

- How does differential privacy work?

Lecture 20: Edge Computing and loT

Learning Objectives
Explain edge/loT

Place them in the big-data arc

Edge computing: processing data near its source (factory sensors, phones, cameras) instead of the
cloud — cutting latency, bandwidth, and privacy exposure. 10T (Internet of Things) generates the data:
smart meters, vehicle telematics, agricultural sensors — Pakistan's potential in smart irrigation and
cold-chain monitoring.

The lambda/kappa edge: stream processing at the edge (filter, aggregate) with batch in the cloud (train
models, deep history). 5G accelerates this: low latency enables real-time edge Al (quality inspection,
autonomous navigation). Digital twins — live virtual replicas of physical assets — are the flagship
application: simulate, predict, optimize.

Exam synthesis: the big-data arc — from centralized Hadoop clusters to disaggregated lakehouses to
edge-cloud continuum. The pendulum swings between centralization (scale economics) and
distribution (latency, privacy, resilience) — know where each wins.

Key Definitions
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Digital twin is defined as a live virtual replica of a physical asset, fed by sensor data — for simulation
and prediction.

Examples
m Smart irrigation: soil sensors + edge decisions — water saved, cloud unbothered.

m Twin: a factory's virtual line predicting breakdowns before they happen.

Key Points — very important for exams
Edge: near-source processing — latency, bandwidth, privacy wins.
0T generates it: meters, telematics, agri-sensors.

Lambda pattern: edge streams, cloud batches; 5G accelerates.

Digital twins: simulate and predict physical assets.

Review Questions
? Cloud vs edge for a real-time quality check?

? Design an edge pipeline for cold-chain trucks.

Section Summary
Data gravity pulls compute to the source: edge for real-time, cloud for depth — the continuum is the
architecture.

Exam Pointers
- What is edge computing and when does it win?

- What are digital twins?
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Glossary of Key Terms
Big data — datasets characterized by extreme volume, velocity, and variety that require new
technologies and techniques to capture, store, distribute, manage, and analyze.
The 5 Vs — the five characteristics of big data: Volume, Velocity, Variety, Veracity, and Value.

Structured data — data that conforms to a fixed, predefined schema, typically stored in relational
tables with rows and columns.

Semi-structured data — data that is self-describing through tags or keys but lacks a rigid predefined
schema, e.g., JSON, XML, log files.

Metadata — information describing a dataset: its schema, origin, transformations, and quality —
essential for governing big data.

Data Analytics Lifecycle — the six-phase process — discovery, data preparation, model planning,
model building, communicating results, operationalize — that structures an analytics project.

Model drift — a change in the statistical properties of incoming data over time that degrades a
deployed model's accuracy.

HDFS — a distributed file system that stores large files as replicated blocks across commodity
machines, with a NameNode for metadata and DataNodes for block storage.

YARN — Hadoop's cluster resource manager that allocates containers to applications via a
ResourceManager and per-application ApplicationMasters.

MapReduce — a parallel programming model in which a Map function emits (key, value) pairs and a
Reduce function aggregates values per key, with the framework handling distribution and fault
tolerance.

Shuffle and sort — the phase in which map outputs are partitioned, sorted, and transferred to
reducers grouped by key.

RDD (Resilient Distributed Dataset) — Spark's core abstraction: an immutable, partitioned dataset
whose lost partitions can be recomputed from its transformation lineage.

Transformations vs actions — Spark operations that build a computation DAG lazily (e.g., map,
filter) versus operations that trigger execution (e.g., count, collect).

CAP theorem — a theorem stating that a distributed system can simultaneously provide at most two
of consistency, availability, and partition tolerance.

BASE — an approach to distributed data (Basically Available, Soft state, Eventually consistent) that
trades immediate consistency for availability and partition tolerance.

Windowing — dividing an unbounded event stream into finite chunks for aggregation: tumbling
(fixed, non-overlapping), sliding (overlapping), or session (gap-based) windows.

Watermark — a marker of event-time progress in a stream that lets the system emit window results
while handling late-arriving data.
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Classification — assigning data items to predefined categories using a model trained on labeled
examples.

Clustering — discovering natural groupings in unlabeled data, e.g., k-means or DBSCAN.

TF-IDF — weighting a term by its frequency in a document discounted by its rarity across the corpus,
highlighting distinctive terms.

LDA (Latent Dirichlet Allocation) — a probabilistic model that discovers latent topics as
distributions over words across a document collection.

Data-ink ratio — the ratio of ink used to display data versus total ink; maximizing it removes
non-informative decoration.

Anscombe's quartet — four datasets with identical summary statistics but completely different
structures, proving that visualization is essential in exploratory analysis.

Data governance — the practice of ensuring data is accurate, complete, consistent, and traceable
from source to use.

Algorithmic bias — systematic unfairness in model outcomes against protected groups, arising from
biased training data or flawed problem framing.

ETL — the process of extracting data from sources, transforming it (cleaning, conforming), and
loading it into a target repository.

Star schema — a star-schema structure with a central fact table of measurements surrounded by
dimension tables of descriptive attributes.

HiveQL — Hive's SQL-like query language for querying Hadoop data.

Pregel — a vertex-centric distributed graph computation model in which vertices exchange messages
in synchronized supersteps.

Pipeline — Spark MLlIib's abstraction chaining feature transformers and model estimators into a
reproducible workflow.

Disaggregated architecture — separating compute from storage so each scales independently,
typically over cloud object storage.

Data quality assessment — measuring a dataset against dimensions like accuracy, completeness,
consistency, timeliness, validity, and uniqueness.

Differential privacy — adding calibrated noise to query results so individuals can't be identified —
the gold-standard privacy guarantee.

Digital twin — a live virtual replica of a physical asset, fed by sensor data — for simulation and
prediction.
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