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INTRODUCTION: MOVING BEYOND THEORY TO
PRACTICAL HADOOP BY EXAMPLE

For years, Apache Hadoop has stood as a cornerstone of the big
data ecosystem. Countless articles, tutorials, and courses explain
its  architecture—the  Hadoop  Distributed  File  System  (HDFS),
YARN for resource management, and MapReduce for processing.
But  there  is  a  significant  gap  between  understanding  these
concepts  in  theory  and  applying  them  to  solve  real-world
problems. This is where the approach of Practical Hadoop By
Example  becomes invaluable. Instead of drowning in abstract
definitions,  learners  and  practitioners  benefit  most  by  walking
through concrete scenarios, from ingesting server logs to joining
massive  datasets.  This  article  provides  a  hands-on  journey
through several practical Hadoop examples, illustrating how to
move from raw data to meaningful insights using the Hadoop
ecosystem.

WHY EXAMPLES MATTER IN LEARNING HADOOP

Hadoop is not a single tool but a platform. It includes storage,
processing, data ingestion, and coordination services. Memorizing
configuration  parameters  or  the  nuances  of  the
job.setNumReduceTasks()  method  is  far  less  effective  than
seeing how these pieces fit together in a real workflow. Practical
Hadoop By Example bridges the gap between documentation
and application. When you work through an example—such as
processing  web  server  access  logs  to  count  page  views  per
hour—you  internalize  how  HDFS  distributes  data,  how  a
MapReduce job splits work across nodes, and how the output
lands back in a usable format. Examples also reveal common
pitfalls, such as data skew in reducers or slow HDFS writes, which
are rarely covered in introductory theory.

SETTING UP A PRACTICAL HADOOP ENVIRONMENT

Before diving into examples, it  is essential to have a working
Hadoop environment. While a full production cluster with dozens
of nodes is impressive, most learning happens on a single-node
setup or a small cluster in the cloud. For the examples in this
article,  a single-node Hadoop installation in pseudo-distributed
mode  is  sufficient.  You  can  use  a  virtual  machine  image  from
Cloudera or  Hortonworks (now part  of  Cloudera),  or  manually
install  Apache  Hadoop  on  a  Linux  machine.  Ensure  HDFS  is
formatted and both the NameNode and DataNode are running,
along with YARN's ResourceManager and NodeManager. Having
the command-line tools hdfs dfs and yarn accessible will allow
you to follow along with the Practical Hadoop By Example
exercises.

EXAMPLE 1: INGESTING AND QUERYING SERVER LOGS
WITH HDFS AND HIVE

The Scenario
Imagine you run an e-commerce website and collect access logs
in the standard Apache Combined Log Format. Each line contains
the client IP, timestamp, request method, URL, status code, and
response size. Your goal is to answer a simple business question:

"Which  five  product  pages  received  the  most  visits  in  the  last
month?" This is a perfect use case for a Practical Hadoop By
Example walkthrough.

Step 1: Ingest Data into
HDFS
First, move your log files into HDFS. Assume your logs are stored
locally  in  /var/log/nginx/access.log.  Use  the  following
command to create a directory and copy the file:

Create a directory: hdfs dfs -mkdir -p
/user/yourname/logs
Copy the file: hdfs dfs -put
/var/log/nginx/access.log
/user/yourname/logs/

This places your data into a distributed storage system, making it
available for processing across the cluster.

Step 2: Define a Hive Table
Apache Hive provides a SQL-like interface to data stored in HDFS.
You can create an external table pointing to your log directory so
that Hive does not move the data but reads it in place. Run the
following HiveQL:
CREATE EXTERNAL TABLE access_logs (
    ip STRING,
    timestamp STRING,
    request STRING,
    status INT,
    size INT
)
ROW FORMAT SERDE 'org.apache.hadoop.hive.serde2.RegexSerDe'
WITH SERDEPROPERTIES (
    "input.regex" = "^(\\S+) \\S+ \\S+ \\[(.*?)\\] \"(.*?)\"
(\\d{3}) (\\d+|-).*"
)
STORED AS TEXTFILE
LOCATION '/user/yourname/logs';

Notice the use of a regular expression to parse the log lines. This
step shows how Practical Hadoop By Example forces you to
deal with messy, real-world data formats.

Step 3: Run a Query
Now, you can answer the business question directly with a SQL
query:
SELECT request, COUNT(*) AS hit_count
FROM access_logs
WHERE request LIKE '/product/%'
GROUP BY request
ORDER BY hit_count DESC
LIMIT 5;

This query filters for product page requests, counts occurrences,
and  returns  the  top  five.  Hive  translates  this  into  a  MapReduce
job that runs across your cluster. By completing this example,
you  have  used  HDFS  for  storage  and  Hive  for  processing,
illustrating a core Practical Hadoop By Example workflow.
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EXAMPLE 2: BUILDING A CUSTOM MAPREDUCE JOB
FOR DATA AGGREGATION

The Scenario
Suppose you have a dataset containing sales transactions with
fields:  transaction_id,  customer_id,  product_id,
quantity, and price. You need to calculate the total revenue
per product. While Hive can do this, writing a custom MapReduce
job gives you finer control  over performance and logic.  This is  a
classic Practical Hadoop By Example exercise for developers.

The Mapper
The mapper reads each line of the input, splits it by a delimiter
(comma or tab), and emits the product ID as the key and the
revenue (quantity * price) as the value.
public class RevenueMapper extends Mapper<Object, Text,
Text, DoubleWritable> {
    private Text productKey = new Text();
    private DoubleWritable revenueVal = new
DoubleWritable();

    public void map(Object key, Text value, Context context)
throws IOException, InterruptedException {
        String[] fields = value.toString().split(",");
        String productId = fields[2];
        int quantity = Integer.parseInt(fields[3]);
        double price = Double.parseDouble(fields[4]);
        double revenue = quantity * price;
        productKey.set(productId);
        revenueVal.set(revenue);
        context.write(productKey, revenueVal);
    }
}

The Reducer
The reducer sums up the revenue values for each product.
public class RevenueReducer extends Reducer<Text,
DoubleWritable, Text, DoubleWritable> {
    private DoubleWritable totalRevenue = new
DoubleWritable();

    public void reduce(Text key, Iterable<DoubleWritable>
values, Context context) throws IOException,
InterruptedException {
        double sum = 0.0;
        for (DoubleWritable val : values) {
            sum += val.get();
        }
        totalRevenue.set(sum);
        context.write(key, totalRevenue);
    }
}

The Driver
Finally, the driver class configures the job, sets input and output
paths, and launches it on the cluster. This example demonstrates
the  core  MapReduce  pattern:  splitting  data,  processing  in
parallel, and aggregating results. By working through this code,
you gain a deeper understanding of data flow in Hadoop, which is
a key benefit of Practical Hadoop By Example.

EXAMPLE 3: JOINING TWO LARGE DATASETS WITH
MAPREDUCE

The Scenario
Joins  are  common  in  data  analysis.  Suppose  you  have  a
customers  file with fields customer_id  and customer_name,
and an orders file with order_id and customer_id. You want
to produce a list of all orders with the corresponding customer
name. Performing this join in a relational database is trivial, but
with huge datasets, Hadoop shines. This Practical Hadoop By
Example exercise shows you how to implement a reduce-side
join.

The Map Phase
In  the  mapper,  you  read  from  both  files.  You  need  a  way  to
distinguish records from the two datasets. Tag each record with a
marker, for example, "C" for customer and "O" for order. Emit the
customer ID as the key and the tagged record as the value.

The Reduce Phase
In  the  reducer,  all  records  for  a  given  customer  ID  arrive
together. You can buffer the customer name (the record with tag
"C") and then for each order record (tag "O"), emit the order ID
along with the customer name. This pattern is a classic Practical
Hadoop By Example of solving distributed joins.
A key challenge here is memory: if a single customer has millions
of  orders,  you  might  run  out  of  memory  buffering  them.  A
practical optimization is to ensure the smaller dataset is loaded
into memory in the mapper (a map-side join), but that requires
careful configuration. Working through this example teaches you
to think about data distribution and resource limits, which are
critical in real-world systems.

EXAMPLE 4: USING APACHE SPARK ON HADOOP (THE
MODERN APPROACH)

The Scenario
While MapReduce is foundational, many organizations now use
Apache Spark for faster in-memory processing. Spark runs on top
of HDFS and YARN, making it a natural extension of a Hadoop
environment. In this Practical Hadoop By Example, you will
process  the  same  sales  dataset  from  Example  2,  but  using
Spark's DataFrame API in Python (PySpark).

Reading Data from HDFS
A s s u m e  y o u r  s a l e s  d a t a  i s  s t o r e d  i n  H D F S  a t
/user/yourname/sales.csv. The Spark code is concise:
from pyspark.sql import SparkSession

spark =
SparkSession.builder.appName("SalesAnalysis").getOrCreate()
df = spark.read.option("header",
"false").csv("hdfs:///user/yourname/sales.csv")
df = df.toDF("transaction_id", "customer_id", "product_id",
"quantity", "price")

Calculating Revenue Per
Product
Now, add a revenue column and aggregate:
from pyspark.sql.functions import col
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df_with_revenue = df.withColumn("revenue", col("quantity") *
col("price"))
revenue_per_product =
df_with_revenue.groupBy("product_id").sum("revenue")
revenue_per_product.show()

This example shows how Spark simplifies code while still running
on the  same Hadoop infrastructure.  It  is  a  perfect  Practical
Hadoop By Example for teams transitioning from MapReduce to
Spark.

BEST PRACTICES LEARNED FROM PRACTICAL HADOOP
EXAMPLES

Working through these examples reveals several best practices
that are universally applicable:

Always test with small datasets first. Before launching
a job on terabytes of data, test with a sample of a few
kilobytes. This saves time and debugging effort.
Monitor your jobs. Use the YARN ResourceManager web
UI or command-line tools to track progress and diagnose

failures. Resource contention is a common issue.
Optimize data serialization. Use sequence files, Avro, or
Parquet instead of plain text. These formats are
compressed, splittable, and faster to process.
Handle data skew. In MapReduce joins, a key with very
high frequency can overload a single reducer. Techniques
like salted keys or combiners can mitigate this.
Document your workflow. Hadoop jobs are often run
periodically. Clear documentation of HDFS paths, table
schemas, and job parameters ensures maintainability.

COMMON PITFALLS AND HOW TO AVOID THEM

Even with Practical Hadoop By Example at hand, beginners
encounter common mistakes. One is forgetting to set the correct
input format. If  your data is not plain text but JSON or some
custom  binary  format,  you  must  configure  the  appropriate
InputFormat  class.  Another  frequent  issue  is  the  "small  files
problem"  in  HDFS:  storing  millions  of  small  files  puts


