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Abstract

This study explores the integration of Big Data Technologies (BDT) in the retail industry,
emphasizing their role in enabling real-time data processing and personalized customer experiences.
The project examines how technologies such as Apache Hive, Impala, and Spark can process large-
scale retail datasets to identify purchasing patterns, refine customer segmentation, and facilitate
predictive analytics. The paper introduces four types of analytics—descriptive, predictive,
prescriptive, and diagnostic—alongside machine learning algorithms, including supervised,
unsupervised, and reinforcement learning, as well as Natural Language Processing (NLP). These
tools collectively enable retailers to deliver dynamic, personalized marketing, enhance operational
efficiency, and increase revenue. A practical experimentation using a Kaggle-based retail dataset
evaluates the comparative performance of Hive, Impala, and Spark through SQL-like operations and
MapReduce batch processing. Results show that while Impala excels in speed, Spark provides
flexibility for complex data science tasks. The study concludes with an analysis of key considerations
such as data storage, privacy, integration, and processing speeds necessary for effective big data
deployment in retail environments.

Keywords: big data technologies; real-time data processing; retail industry; apache hive; apache
impala; apache spark; machine learning

Introduction

"Big Data" is a term with many definitions, but at its core, it is data that is so large it surpasses
that of a typical relational database in storage, processing, and analytics. Put differently, any question
related to that data where the answer cannot be obtained using traditional database tools, then you
have a Big Data challenge [1,2]. This report examines the use of Big Data technologies in the retail
context. Specifically, it aims to chronicle how Big Data technologies are applied to improve retail
operations - personalized marketing, pricing, customer engagement and inventory management. For
example, to have personalized marketing campaigns based on customer interests. If a shopper
frequently purchases toys, they can kick off a series of promotions directed only to toys and not toys
and irrelevant products such as detergents [3-5].

With this research, we will explore how retailers use Big Data tools to enable retailers to offer a
better shopping experience and improve their operational efficiency. By studying consumer
behavior, paths to purchase, and product preferences, retailers can make better informed decisions,
resulting in better margins, profits, and consumer experience. The subsequent sections of this report
will go into detail about the specific technologies, analytics methods, and real-world examples that
demonstrate how Big Data is revolutionizing retail[6-9].
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Figure 1. Summary of Data Analytics and Machine Learning Algorithms used in this research (Own work using
Miro flowchart).

The figure above was created for the use of this paper only.
2. Literature Review

The use of Big Data Technologies in retail has positively disrupted conventional retail practices
by allowing for real-time data handling, enhancing customer engagement and overall operational
efficiencies. The literature illustrates a growing body of research that is uniting the distinct concepts
of data analytics, machine learning, and distributed computing frameworks, in the growing use of
Big Data in the retail context. Big Data is generally defined as large data sets that are too large to be
handled using traditional database systems. The ability to process data in real-time is important in
the retail world to remain competitive. Technologies like Apache Kafka and Hadoop provide
companies the ability to capture, process and analyze massive data sets, giving organizations the
framework to react in real-time to consumer behavior and any changes in the marketplace [10-14].

Real-time processing means that companies can implement personalized marketing practices,
the key to driving customer interaction and engagement. Machine learning capability provides
companies the ability to analyze historical purchase, browsing, and customer interaction to
personalize recommendations and promotions [15-18]. Al-powered chatbots and virtual assistants
further the enhanced customer experience by providing immediate and relevant responses directly
tied to data-driven models[19-22].

Analytics is generally classified into four major types: (1) descriptive analytics that summarize
what has occurred in the past; (2) predictive analytics that informs the behavior that is likely to occur
in the future; and then prescriptive analytics that proposes actions based on a simulation that can be
used for what-if scenarios; and (3) diagnostic analytics that provides cause and effect relationships
[23-27]. These three analytics types allow retailers to make well-informed decisions, such as
inventory and dynamic pricing decisions[28-30].

Machine learning algorithms (ML) are also differentiated by supervised or unsupervised
algorithms— reinforcement learning, and natural language processing (NLP) —which are useful for
customer segmentation, predicting churn, understanding sentiment, etc. Supervised models (e.g.,
decision trees, random forests) use labelled data to assist in classification or regression problems,
while unsupervised models (e.g., the k-means clustering algorithm) have the ability to discover
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hidden patterns in unlabeled data[3]. Reinforcement learning focuses on maximizing long-term
decisions, such as strategies that relate to stock replenishment; and NLP is used to enhance
conversations and exploratory search through software applications such as chatbots [31,32].

Although considerations for software development exist, developing practical applications of
analytics involves using computing technologies such as those offered by the Apache platform
(Hadoop, Hive, Impala, Spark, etc.). Apache Hive is one of the products of the Apache Hadoop
project and presents a SQL-like interface that provides access to data stored with the Hadoop data
processing framework. It helps users to perform ETL operations, as well as build a data warehouse.
Apache Impala - is a low-latency SQL execution engine for Hadoop that allows for interactive queries,
and Apache Spark supports in-memory data processing capabilities with its libraries (such as MLIlib
and GraphX) for analytics operations - especially iterative operations [33-35]

An empirical comparative performance analysis using a real retail data set showed that Impala
had the fastest execution time for batch processing (an average of 0.34s), whilst Hive was reasonable
(3.21s) and Spark performed the slowest (12.25s). Implications included recognized trade-offs
between low-latency queries (in Impala), large-scale data warehousing (in Hive), and advanced
machine learning (in Spark)[36,37].

When dealing with Big Data, there are considerations regarding storage, processing speed,
integration, and privacy. Storage came from the volume and variety of data that require cloud
solutions and lifecycle management [37-39]. Despite the awareness of data privacy, which is ever-
increasing in importance driven by regulatory requirements (e.g., GDPR; CCPA), retailers must take
appropriate measures regarding secure and credible usage of data [40—42]. This is used with various
applications [43-47], including the LTE and Cloud applications [48-49], as well as mainly earlier, and
with current technological trends.

Methodology

This research provides a pragmatic and comparative assessment of the use and performance of
BDTs in the retail industry, specifically in using real-time customer analytics and predicting customer
spending patterns. The process includes technology selection, data preparation, implementation of
data processing and machine learning algorithms, and performance evaluation based on a table of
evaluation metrics.[48,49
1. Selection of Big Data Technologies

The three Big Data frameworks we chose to include in our study were selected due to their high-
level use within industry and their respective processing functions:

Apache Hive — for query against datasets within HDFS using SQL-like syntax with MapReduce.
Apache Impala — for providing SQL query processing with low-latency, low-latency, high-speed
processing of query statements across a distributed Hadoop ecosystem.

o  Apache Spark — for distributed, in-memory processing of data stored across several distributed
nodes and also for machine learning.

We ran our tools in both batch-processing and SQL-like environments to determine their
efficiency and real-world usability with retail operations involving data.
2. Dataset Acquisition and Preprocessing

The dataset used in our study was publicly available through Kaggle, titled, “Customer
Shopping Dataset — Retail Sales Data” by Aslan (2022). The dataset totaled over 99,000 customer
records that were compiled from ten malls across Istanbul, including attributes like customer ID,
gender, age, product category, payment method, price, quantity, and shopping mall name.

o  Conversion: The dataset was initially in csv format, but we converted it to text format (.txt) to
upload to Hadoop Distributed File System (HDEFS).
Categorization: Datasets were sorted into two categories:
Demographics - customer status data (age, gender, customer id, etc.)
Transaction - attribute data (price, quantity, category, method of payment, etc.).
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3. Experimental Design
Each Big Data technology was assessed through a series of structured tasks that echoed retail
analytics applications. The tasks included:

o  Batch Processing Tasks: We employed MapReduce frameworks within Hadoop to complete
word count operations in order to determine credit card usage.

o  SQL-Like Queries: We carried out five SQL-like tasks (e.g. top payment methods, top product
categories, revenue computation) across Hive and Impala.

o Inanon-SQL environment (Spark), a MapReduce pipeline was created using Java, and consisted
of:

o  Mapper Class — that tokenized the input data into key-value pairs.

o  Reducer Class - that summarized mapped values.

o  Driver Class — that controlled the execution on Spark Cluster.

4. Machine Learning Implementation
To support the deployment of predictive analytics, we implemented Machine Learning

algorithms into Spark and a Python environment.

o Decision Tree Regression was implemented using Spark MLIib and Python (in a Jupyter
Notebook) to predict customer spending behavior

o Feature Engineering: Data Preprocessing consisted of label encoding categorical variables,
feature selection, and normalization.

Experimentation

This section discusses the Practical experimentation of three chosen Big Data Technologies that
have been selected for this study namely Apache Hive, Impala and Spark.

3 Big Data Tools

v v

Apache Hive Apache Impala Apache Spark

HIVE pQ

Figure 3. 3 Big Data tools for the practical experimentation in this section (Own work using Miro Flowchart).

™

The figure above was created for the use of this paper only.

It elaborates on their architecture diagram and how it is integrated into Hadoop HDFS, describes
the metrics of for this experiment, finds a dataset to use for the experiment, tests it with these tools,
puts the results into a table and then compares their performance to determine which technology
performs best in which scenario. They also run a machine learning algorithm from the Big Data tools
to predict customer preferences.

Evaluation Metrics

The performance of each technology was evaluated using three primary evaluation metrics. The
first metric was execution time, which was assessed through the average time that each task took to
complete for ten iterations to ensure consistency and accuracy in our results. The second metric was
the accuracy of the results, which was evaluated through the reliability of the outputs that were
established for each technology. For instance, one evaluation we performed was the amount of credit
card users identified in our actions, which should be constant across all technologies, iterations, and
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runs. The last metric was ease of implementation, which was assessed qualitatively on syntax
complexity, set-up and interactions with the technology while running and executing the tasks. Each
of these evaluation metrics provided a basis for comparison and assessment of Hive, Impala, and
Spark technologies used for data processing in a retail data environment.
Dataset

The dataset was maintained as comma separated values (.csv file). However, this file was
converted to a text file to allow for an easier implementation during experimentation which was done
using the three big data technologies described above. We will take time in the next section to discuss
the matching between the new technologies.
Three Big Data Technologies

The "Customer Shopping Dataset - Retail Sales Data" dataset is the initial starting point for the
actual retail technologies experimentation. Hence, the technologies have actual analytical tools in a
real-time retail environment. The parameters are varied and complex enough to allow us to assess
scalability and reliability of big data technologies that are designed for retail, including Hadoop (as
well as Hive, Pig and Spark).

Pig Hive
Scriptin ue
pting Query Other Distributed
Processin
HBasg MapReduce Distributed €
Non-relational Processin
Database &

Yarn Resource Manager

Figure 5. Apache Hadoop System Architecture.

Apache Hadoop serves as a free and open-source framework that is used for batch processing.
The primary components allow large amounts of data to be stored and processed using Hadoop's
Distributed File System (HDEFS) for storage, and using Map Reduce for distributed processing.
Apache Hadoop's architecture has 4 main layers: Distributed File System Layer, Resource Manager
Layer, Processing Layer, and Data Management and Query Layer.

Hadoop uses a distributed architecture, also known as a master-slave architecture, for storage
within the distributed file system layer. This architecture consists of two nodes: a master node and
several slave nodes. The master node (Namenode) handles metadata processing, while slave nodes
(DataNodes) store the data, as shown in Figure 6. The Hadoop architecture layers are followed by
YARN (Another Resource Negotiator), which serves as a resource management layer that efficiently
handles job scheduling. YARN also provides a flexible and scalable framework for running various
distributed computing applications critical to the big data landscape. (Collins, 2023)

The next layer in the Hadoop architecture is the processing layer, called MapReduce. The
processing layer consists of a method of running both iterative and structured operations while
replicating other operations and can process large numbers of datasets in parallel. MapReduce
consists of two functions: Map and Reduce. When the Map function is used, data is processed into
key-value pairs. The Reduce function summarizes the results by aggregating them. Finally, the final
layer in the Hadoop architecture is the data management and query layer, which is built using tools
like Pig and Hive.
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Figure 6. The Design of Hadoop Distributed File System (HDFS).

Hive

Apache Hive is a data warehouse and extract, transform, load (ETL) tool offering users a SQL-
like interface to a Hadoop distributed file system (HDEFS). Being built on top of Hadoop, it makes
reading, writing and managing large datasets easier using Structure Query Language (SQL)
structured syntax. Apache Hive is frequently used for common data warehousing tasks such as data
encapsulation, ad hoc queries, and analysis of large datasets. Its primary focus is on scalability,
extensibility, performance, fault-tolerance, and loose-coupling with input formats (GeeksForGeeks,
2018).

In Figure 7, there are five distinct facets in the overall structure of Apache Hive described as a
system architecture: the User Interface (UI), Driver, Compiler, Metastore, and Execution Engine. The
first item is the UL The Ul acts as an intermediary between the user and the system, allowing the user
to submit queries or conduct other operations. The second aspect, which is known as the Driver, is
the piece that accepts the queries and calls on the session handle, providing fetch and execute APIs
through JDBC (Java Database Connectivity) and ODBC (Open Database Connectivity) interfaces.

HIVE HADOOP
8: sendResults 3 6.1: executeJob MAP/REDUCE
EXECUTION 6.2: jobDone JOB TRACKER
ENGINE
6: executePlan le—t—
6.3 dfs operfations AP/REDUCE TASKS
TASK TRACKERS TASK TRACKERS
(MAP) (REDUCE)
1: executeQuery,
6.1:jmetaDataOps MaR REDUCE
ul DRIVER for DDLs OPERATOR OPERATOR
7: fetchResults TREE TREE
S SERDE
2 getPlm 5: sendPlan T \ / A
PR t READ: T TO HDFS ‘ HDFS
3: getMetaData
COMEILER METASTORE
4: sendMetaData NAME NODE
DATA NODES I

9: fetchResults
Figure 7. Apache Hive System Architecture (Apache Software Foundation, 2015).
The compiler is a component that parses the query and performs semantic analysis on the query

blocks and expressions. The compiler then produces an execution plan based on the table and
partition metadata received from the metastore. In addition, the metastore is the component that
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maintains all the structure information of the various tables and partitions within the warehouse.
The metastore also includes such information as column, column type, serializers and deserializers
to read and write, and the related HDES files where the data is physically stored. Finally, the
execution engine executes the execution plan produced by the compiler. It also takes care of the
dependencies between the different steps, and executes them using the various system components.
Impala

Impala is an open source MPP (Massive Parallel Processing) SQL engine. Impala is designed to
bring together two traditional pieces of an analytic database i.e. SQL support and translating data
into meaningful insights with multi-user performance; to the scalability and flexibility of Apache
Hadoop (Kornacker et al., n.d.). Plus, it also received the added benefits of production-grade security
and administrative extensions from Cloudera Enterprise. There's no MapReduce either, Impala also
has a specialized distributed query engine that is similar to the distributed query engine used in the
commercial parallel Relational Database Management System (RDBMS); this is done to face what
faced all other mass data systems: latency. The result is orders of magnitude faster performance than
Hive depending on the type of query and its particular configuration (Apache Impala, n.d.).

Common Hive SQL and interface Unified metadata
Hive State
SaLApp Metastore  HOFSNN Store
0DBC ‘
uery Planner uery Planner uery Planner
(e Queny Fully MPP Qien
N ) Distributed _
Query Coordinator —»  Query Coordinator <—— Query Coordinator
Query Exec Engine ¢—— »  Query Exec Engine » Query Exec Engine
HDFSDN = HBase . HDFSDN’ HBase m» HDFSDN  HBase
‘ ‘ . ' Direct Reads

Figure 8. Apache Impala System Architecture (Apache Impala, n.d.).

An Apache Impala consists of three major components; Impala Daemon, Metastore, and
Statestore. The Impala Daemon component runs on all nodes where Impala is installed. When a query
is sent to an Impala Daemon on one of the nodes, that node becomes the "coordinator node" for that
query. The Impala Daemon runs on all other nodes and can handle taking a number of queries at
once. The Impala Daemon reads and writes to data files when it receives the query, and it also
parallelizes queries by dividing the work amongst the Impala nodes within an Impala cluster. When
the queries are being worked on by multiple Impala Daemon nodes, the results are sent back to the
central coordinator.

The Statestore will check the health of each Impala Daemon node, and relay everything to all the
other Daemons as fast as possible. In the event of a node failure for any reason, Statestore will relay
that news to all other nodes. Upon receiving this information from the Statestore, other Daemons will
refrain from assigning any more queries to the affected node. Impala utilizes a traditional query based
databases for table definitions; thus, all the relevant information pertaining to table and column data
and table definitions is stored in the Metastore. If a table definition or data is changed, all other Impala
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Daemons must refresh their metadata cache by getting the latest metadata, before issuing a new
query against the intended table. (TutorialsPoint, 2024.

Driver
Spark Context
YARN Resource
Manager

YARN Application
Master

Spark

HDFS HDFS
|

Figure 9. Apache Spark Distributed Processing Architecture.

The figure above was created for the use of this paper only.

Apache Spark was created to overcome some of the limitations of Hadoop technology. It uses a
distributed system architecture, similar to Hadoop. Whenever we provide an input command to the
system, the Driver program (which includes the Spark Context) sends Spark the details on how to
access the cluster. Next, the Spark context sends instructions to the cluster manager to manage the
jobs that run on the cluster. A job is made up of different tasks that are assigned to multiple slave
nodes (CloudDuggu, 2023). In the architecture of Apache Spark Executors can access HDFS and
Cache and use the cache to first retain the outputs in cache to speed up transferring data and reduce

time lag.

Specialized Libraries

Cluster Managers

Standalone

Figure 10. Apache Spark System Architecture.

Spark Unifiles

The Spark framework is fundamentally built on the Spark Core Engine which supplies features
such as job scheduling, memory management, fault recovery, and management of storage systems.
This layer supports multiple storage systems like HDFS, Amazon S3, and others, making it ideal for
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various data sources. The function-specific libraries of Apache Spark provide ways to query
structured data using SQL syntactic structure through Spark SQL, real-time data processing using
Spark Streaming, distributed machine learning utilizing Spark MLlib, and graph-parallel and data-
parallel processing utilizing GraphX. The Spark SQL library allows users to query and manage
structured and semi-structured data using SQL syntactic structure and has a very efficient DataFrame
API that abstracts the complexity of distributed processing so easier data analysis can be performed.

Because Spark exists "on top" of HDEFS, it accesses Hive's SQL databases and allows the user to
use SQL-like queries to analyse large data sets. These libraries are particularly good for data engineers
and analysts who write SQL and want to take advantage of Spark's computing power for large data
analysis.

Spark Streaming allows Spark to do real-time processing, making it useful for continuous data
analysis applications. It allows Spark to stream and process realtime data by breaking the data
streams into small micro-batches and simultaneously send to the Spark engine. With Spark
Streaming, medical professionals can quickly turn streaming data into analysis, making it a perfect
mix for the healthcare industry.

MLIib is used to quickly scale machine learning across large datasets in a distributed way. MLlib
incorporates a variety of approaches and methods for classification, regression, clustering,
collaborative filtering and dimensionality reduction. In addition, MLlib has methods for feature
extraction, selection, and transformation, which enables data scientists to preprocess the data and
develop machine learning pipelines. By using Spark, MLIib allows hospitals to implement machine
learning at scale using distributed computing resources, and extract insights from large datasets from
descriptive, predictive, prescriptive and diagnostics systems.

GraphX enables graph-based analysis and computation on a a large graph by providing an API
for constructing, modifying, and processing graphs, and also allows for data-parallel and graph-
parallel operations. It allows users to define graph analytics algorithms such as PageRank or
connected components concisely, taking advantage of Spark's distributed processing capabilities.
This library is extremely useful for assessing relationships in data and structures, making it well
suited for healthcare applications such as social network analysis and any other scenarios where
complex relationships and networks make sense.

Lastly, Resilient Distributed Datasets (RDDs) are distributed data structures that allow parallel
operation and enable fault tolerance. RDDs introduced by Spark allowed for flexible and reliable
large scale data processing with the ability to easily manipulate data across clusters and allow for
transformations and processing to take place within an implementation of Apache Spark.
Comparative Analysis

In the end, we put all results in table and visuals in order to compare and contrast strengths and
weaknesses of Hive, Impala and Spark in terms of speed, scalability, and usability for retail analytics.
I reported and plotted the shortest, longest, and average processing times so that we could form
conclusions about the choices an enterprise may take when making a technology choice.

Discussion

The present project investigated the integration and effectiveness of Big Data Technologies
(BDT) within the retail sector relating to real-time data processing, customer experience
improvements, and comparison between three of the leading tools: Apache Hive, Impala and Spark.
The findings provide a valuable overview of how retail companies can leverage big data better in
supporting decision-making, operational efficiencies, and customer service personalization.

The analysis began by outlining the current conceptualizations of how Big Data and the use of
real-time processing tools like Apache Kafka and Hadoop impact and change retail practices,
dynamic inventory management, personalized marketing, and interactive customer service using Al
chat-bots. The project evidenced that real-time data, paired with machine learning algorithms, is
significant in spotting trends and customer behaviors for optimum advertising and delivery of
services.
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The discussion then delved into various analytics types —descriptive, predictive, prescriptive,
and diagnostic—and machine learning models, including supervised, unsupervised, reinforcement
learning, and NLP. These tools collectively allow retailers to track customer habits, forecast future
demands, suggest optimal decisions, and understand consumer sentiments.

We utilized a real-world dataset from Kaggle to evaluate operational performance of Apache
Hive, Impala and Spark. The assessment criteria were execution time, implementation complexity,
and result accuracy based on the processing time of Impala, Hive, and Spark during tasks that
measured performance. Impala outperformed the other systems--average batch processing time=0.34
seconds when comparing to Apache Hive (average=3.21 seconds) and Spark (average= 12.25
seconds). This means Impala is good selection for querying data needing low latency and providing
answers quickly.

Hadoop Hive was not as fast as Impala but it does work well for complex SQL-like queries and
easy interface with Hadoop's HDFS and is better option for structured query over a substantially
larger space. Spark performed poorly for batch tasks but delivered all functionality to support
distributed machine learning tasks in regard to real-time stream processing for advanced analytics.
Apache Spark is better choice when working with streaming processing and execution of large scale
model (machine learning) pipelines. Also, we see from SQL-type operations that both Hive and
Impala can support conventional database-style requests within a big data context respectively. The
short representative tasks of identifying most used payment methods, highest selling product
categories, and revenue per mall have indicated that SQL structured query languages can be
impactful and relevant under big data context.

Overall, the research presented some other to areas reconsiderations to ensure successful
deployment of big data in the retail context, such as the need for scalable storage for Bl environments,
robust privacy considerations from the onset (under GDPR, CCPA), fast processing time, and in
particular managing all relevant data from sources of large variety.

As a conclusion, this research has also provided validation that the use of appropriate big data
technologies should provide a decisive competitive advantage within retail procurement decision
making. Where there are appropriate use cases for each technology, overall benefits are maximized
when the technology is applied to the relevant operational context, with Impala representing speed,
Spark representing machine learning/real time applications, and Hive representing big data batch
processing using SQL-like commands.

Conclusion

This study documented our investigation into the impact of Big Data Technologies on
transforming the retail marketplace by utilizing real-time processing, personalized information for
customers, and predictability of insights from advanced analytics and machine learning algorithms.
By measuring the deployment and comparison of Hive, Impala, and Spark, we had the opportunity
to clarify the ability and performance characteristics of each technology regarding large-scale tasks
relevant to radical efficiency in retail. Impala was the fastest technology for batch processing because
of its ability to provide low-latency performance for ad hoc queries as well as batch-processing data.
Spark was a great option for processing complex data because of its in-memory computing, but it
had been proven slower than Impala in the current experiment. Hive was good and reliable option
but not as fast as Impala.

This study documented our investigation into the impact of Big Data Technologies on
transforming the retail marketplace by utilizing real-time processing, personalized information for
customers, and the predictability of insights from advanced analytics and machine learning
algorithms. By measuring the deployment and comparison of Hive, Impala, and Spark, we had the
opportunity to clarify the ability and performance characteristics of each technology regarding large
scale tasks relevant to radical efficiency in retail. Impala was the fastest technology for batch
processing because of its ability to provide low-latency performance for ad hoc queries as well as
batch-processing data. Spark was a great option for processing complex data because of its in-
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memory computing, but it had been proven slower than Impala in the current experiment. Hive was
a good and reliable option, but not as fast as Impala.
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