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Abstract 

This paper presents a comprehensive case analysis of Flipkart's big 

data analytics strategy, examined through the core theoretical and 

technical frameworks of the discipline. Flipkart, India's largest e-

commerce platform with over 500 million registered users and a peak 

processing capacity of eight million orders per day, generates three 

to five petabytes of data daily—a scale that necessitates a 

sophisticated, multi-layered data architecture. Drawing on 

engineering disclosures, industry benchmarking data, and a 

proprietary product catalogue dataset of approximately 20,000 

records, this study maps Flipkart's operational practices against the 

five Vs of big data (volume, velocity, variety, veracity, and value), 

the Hadoop and Apache Spark ecosystems, SQL and NoSQL 

paradigms, OLAP and OLTP processing models, data warehousing 

and data lake architectures, ETL pipelines, and all four types of 

analytics maturity. Three embedded case studies—covering Big 

Billion Days sale optimisation, the personalised recommendation 

engine, and Ekart last-mile logistics analytics—illustrate how 

abstract technical concepts translate into measurable business 

outcomes, including a 30% reduction in stockouts, a 91% first-

attempt delivery success rate, and recommendation-driven revenue 

contribution of approximately 15% of total gross merchandise value. 

A structured peer comparison with Amazon India, Myntra, and 

Meesho benchmarks Flipkart's capabilities against industry leaders and identifies strategic gaps. The paper 

concludes with seven prioritised recommendations—spanning data lakehouse migration, federated machine 

learning, graph-based fraud detection, causal inference pricing, vernacular natural language processing, data 

governance, and edge analytics—to strengthen Flipkart's competitive data position. 
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1. Introduction 

The rapid proliferation of internet-enabled commerce has generated data volumes and velocities that 

fundamentally challenge traditional information management paradigms. E-commerce platforms occupy a 

uniquely data-intensive position in the contemporary economy: every user interaction—from search queries and 

product page dwell time to cart abandonments, payment confirmations, and post-delivery reviews—produces 

structured and unstructured signals that, if correctly captured and analysed, can inform decisions ranging from 

inventory replenishment to personalised marketing (Provost & Fawcett, 2013). The discipline that has emerged 

to address this challenge—big data analytics—combines distributed computing infrastructure, statistical 

modelling, and machine learning to extract actionable intelligence from datasets whose scale exceeds the 

capacity of conventional database management systems (White, 2015). 

In the Indian market, Flipkart stands as the paradigmatic example of this transformation. Founded in 2007 by 

Sachin Bansal and Binny Bansal as an online bookseller, Flipkart has evolved into India's leading e-commerce 

marketplace, now a subsidiary of Walmart Inc. following a landmark USD 16 billion acquisition in 2018. With 

over 500 million registered users, 150 million product listings, 1.4 million active sellers, and a logistics 

subsidiary (Ekart) that dispatches approximately one million shipments daily, Flipkart generates an estimated 

three to five petabytes of data every day (Flipkart Engineering Blog, n.d.). Managing, processing, and deriving 

value from this data volume requires a sophisticated, purpose-built big data ecosystem—and the evolution of 

that ecosystem is the central subject of this paper. 

Despite Flipkart's prominence in the Indian technology sector, the academic literature on its big data architecture 

remains fragmented, largely confined to engineering blog posts, conference proceedings, and practitioner 

accounts that address individual components in isolation. This paper addresses that gap by integrating technical 

and strategic analysis across the full breadth of Flipkart's data capabilities. Specifically, the paper pursues four 

objectives: (1) to map Flipkart's data infrastructure against canonical big data frameworks (the five Vs, Hadoop 

ecosystem, Spark, NoSQL/SQL, OLAP/OLTP, data lake and warehouse, ETL, and the four analytics types); (2) 

to analyse three embedded use cases that demonstrate how these capabilities create measurable business value; 

(3) to benchmark Flipkart against its primary competitors; and (4) to formulate evidence-based strategic 

recommendations. An exploratory data analysis of a representative 20,000-record Flipkart product catalogue 

dataset supplements the qualitative case analysis with quantitative insights into catalogue structure, category 

concentration, and data quality characteristics. 

 

2. Literature Review 

 

Big Data: Conceptual Foundations 

The concept of big data has attracted substantial definitional debate. Laney's (2001) foundational '3 Vs' model—

volume, velocity, and variety—provided the discipline's first systematic taxonomy. Subsequent scholars 

expanded the framework: Marr (2015) added veracity (data quality and trustworthiness) and value (business 

utility), producing the five-Vs model that now serves as the field's canonical characterisation. Taylor-Sakyi 

(2016) synthesises these contributions, emphasising that the strategic challenge of big data lies not in 

accumulation but in governance—establishing processes that ensure data quality, appropriate access controls, 

and alignment between analytical outputs and organisational objectives. 

Marz and Warren (2015) make an important architectural contribution through the Lambda Architecture, which 

separates big data processing into a batch layer (handling historical, high-accuracy computation) and a speed 

layer (handling real-time, low-latency processing), with a serving layer that merges outputs from both. This 

architecture directly informs Flipkart's hybrid Hadoop-Spark processing model, wherein batch ETL jobs on 

Hadoop HDFS coexist with streaming analytics on Apache Spark and Kafka. 
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Distributed Computing: Hadoop and Spark 

 

Apache Hadoop—comprising the Hadoop Distributed File System (HDFS) for storage and the MapReduce 

paradigm for parallel batch processing—emerged as the foundational framework for commodity-hardware big 

data processing (White, 2015). HDFS achieves fault tolerance through default three-way block replication, 

ensuring data durability in the face of the frequent node failures statistically inevitable in large clusters. 

However, MapReduce's disk-based intermediate storage model introduces latency unsuitable for interactive or 

streaming workloads. 

Apache Spark addressed this limitation through in-memory processing and the Resilient Distributed Dataset 

(RDD) abstraction, achieving processing speeds 60 to 100 times faster than MapReduce for iterative workloads 

(Chambers & Zaharia, 2018). Spark's integrated stack—encompassing Spark SQL, Spark Streaming, MLlib for 

machine learning, and GraphX for graph analytics—makes it the dominant unified analytics engine for e-

commerce platforms that require concurrent batch, streaming, and machine learning workloads. The Hadoop 

and Spark ecosystems are complementary rather than competitive: Hadoop HDFS continues to serve as the 

storage layer for cold data and batch workloads, while Spark handles hot data and real-time processing, a division 

of labour evident in Flipkart's architecture. 

 

Database Paradigms: SQL, NoSQL, and the Polyglot Persistence Model 

 

The relational database management system (RDBMS), founded on Codd's (1970) relational model and 

governed by ACID transactional properties, dominated enterprise data management through the early 2000s. 

However, the scale and schema heterogeneity of e-commerce data exposed the limitations of rigid relational 

schemas, motivating the emergence of NoSQL databases—a diverse family of data stores optimised for specific 

access patterns: key-value (Redis), document (MongoDB), wide-column (HBase, Cassandra), and search 

(Elasticsearch). Kimball and Ross (2013) observe that no single database paradigm serves all workloads 

optimally; modern enterprise data architectures instead adopt polyglot persistence—deploying multiple database 

technologies, each matched to the access pattern, consistency requirements, and latency profile of its assigned 

workload. 

In the e-commerce context, this manifests as RDBMS deployments for ACID-critical transactional workloads 

(order management, payment reconciliation), document stores for heterogeneous product catalogues 

(MongoDB), wide-column stores for real-time high-throughput lookups (HBase for inventory and order status), 

and in-memory key-value stores for sub-millisecond session and cache management (Redis). Kimball and Ross's 

(2013) Kimball dimensional modelling methodology—organising analytical data into fact and dimension tables 

in a star schema—remains the dominant approach for structuring data warehouses that serve business 

intelligence workloads. 

 

Analytics Maturity and the Four Types of Analytics 

Davenport and Harris (2007) established the analytics maturity model, demonstrating empirically that 

organisations progressing from descriptive reporting toward predictive and prescriptive capabilities achieve 

sustained competitive advantage. Provost and Fawcett (2013) operationalise this framework for data science 

practice, documenting how machine learning techniques—including collaborative filtering for recommendation, 

time-series models for demand forecasting, and optimisation algorithms for prescriptive decision-making—

generate measurable revenue and efficiency outcomes in retail and e-commerce contexts. 

The recommendation systems literature is particularly relevant to Flipkart's personalisation strategy. 

Collaborative filtering algorithms, including the Alternating Least Squares (ALS) method implemented in 

Apache Spark MLlib, decompose user-item interaction matrices to surface latent preference patterns, enabling 

personalised product discovery at scale (Chambers & Zaharia, 2018). Amazon's DeepAR (Amazon Science, 

n.d.) extends the forecasting frontier through probabilistic recurrent neural network architectures that outperform 

classical ARIMA and exponential smoothing methods on large, high-cardinality product portfolios—setting the 

benchmark against which Flipkart's LSTM and Prophet-based demand models compete. 

https://ijcope.org/


International Journal of Creative and Open Research in Engineering and Management    

ISSN: 3108-1754 (Online) 

Volume 02 Issue 05 May-2026 | Impact Factor: 3.5 

© 2026 The Author(s). Published by IJCOPE Journal. Website: https://ijcope.org/                                                                                                              4 

Data Governance and Regulatory Compliance 

As big data capabilities have matured, data governance—encompassing metadata management, lineage tracking, 

access control, and regulatory compliance—has emerged as a critical operational discipline. The McKinsey 

Global Institute (2023) identifies governance as one of the primary determinants of whether organisations 

successfully monetise their data assets or encounter regulatory and reputational risk. In the Indian context, the 

Digital Personal Data Protection Act 2023 (DPDP Act) introduces data localisation requirements, consent 

mandates, and data principal rights analogous to those in the EU's GDPR, creating new compliance obligations 

for platforms like Flipkart that process the personal data of hundreds of millions of Indian citizens (Ministry of 

Electronics and Information Technology, 2023). 

 

Summary 

The literature reviewed above establishes the theoretical and technical foundations for the analytical framework 

employed in this paper. The five-Vs model provides the characterisation lens for Flipkart's data characteristics; 

the Lambda Architecture explains its hybrid batch-streaming design; polyglot persistence theory accounts for 

its multi-database stack; the analytics maturity model structures the progression from descriptive dashboards to 

prescriptive optimisation engines; and the data governance literature contextualises Flipkart's emerging 

regulatory obligations under the DPDP Act. Collectively, these frameworks provide the conceptual vocabulary 

through which Flipkart's operational practices are interpreted and evaluated in the sections that follow. 

 

3. Methodology 

 

This study employs a qualitative case study design (Yin, 2018), treating Flipkart as the primary unit of analysis 

and embedding three sub-cases—Big Billion Days optimisation, the recommendation engine, and Ekart logistics 

analytics—as nested units that illuminate specific applications of the overarching big data strategy. The case 

study approach is appropriate because the research questions are explanatory (how and why does Flipkart's data 

architecture produce competitive outcomes?) and because the phenomenon is deeply embedded in a specific 

organizational and technological context that resists experimental isolation. 

Data collection drew on three source categories. First, engineering and corporate disclosures: Flipkart's public 

engineering blog, Walmart Inc.'s annual reports, and conference proceedings from the Tech@Scale event series. 

Second, secondary practitioner and academic literature: industry analyses from NASSCOM and McKinsey, 

peer-reviewed textbooks (White, 2015; Chambers & Zaharia, 2018; Kimball & Ross, 2013; Provost & Fawcett, 

2013), and practitioner publications from Apache Software Foundation documentation. Third, a quantitative 

exploratory data analysis (EDA) of the publicly available Flipkart product catalogue dataset (approximately 

20,000 records), examining category distribution, hierarchy depth, duplication rate, and Pareto concentration—

providing empirical substantiation for claims about catalogue complexity and veracity challenges. 

Analytical triangulation across these three source types mitigates the single-source bias inherent in corporate 

disclosure-reliant case studies (Stake, 1995). Peer comparison data for Amazon India, Myntra, and Meesho were 

drawn from publicly available capability descriptions and industry analyses rather than proprietary internal data, 

and are presented as indicative rather than definitive benchmarks. All quantitative performance figures 

(percentage improvements in stockouts, delivery rates, fraud losses) are sourced from Flipkart's own engineering 

disclosures and are cited accordingly; they should be interpreted as self-reported metrics subject to publication 

bias. 

 

4. Flipkart and the Indian E-Commerce Landscape 

 

Company Background 

Flipkart was founded in 2007 by Sachin Bansal and Binny Bansal, both alumni of the Indian Institute of 

Technology Delhi and former Amazon employees. Beginning as an online bookseller, Flipkart rapidly expanded 

its category coverage through a combination of organic growth and strategic acquisitions, purchasing fashion 

platform Myntra in 2014, travel platform Cleartrip in 2021, and social commerce platform Shopsy in the same 
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year. The platform's logistics subsidiary, Ekart, handles approximately one million shipments per day across 

India's heterogeneous delivery geography (Flipkart Engineering Blog, n.d.). 

Walmart Inc.'s acquisition of Flipkart for USD 16 billion in 2018—the largest e-commerce acquisition in history 

at the time—provided Flipkart with access to global supply chain expertise, cloud infrastructure investment, and 

Walmart's retail analytics capabilities. As of 2024, Flipkart Internet Pvt. Ltd. reported revenues consistent with 

its position as India's leading e-commerce platform by gross merchandise value (GMV), though the platform 

continues to pursue profitability amid intense competition from Amazon India and rapidly growing challengers 

including Meesho and JioMart (Deccan Founders, 2025; Business Standard, 2024). 

 

The Strategic Necessity of Big Data 

 

The strategic imperative driving Flipkart's investment in big data infrastructure is straightforward: e-commerce 

competition in India is primarily contested on the dimensions of price, product availability, delivery speed, and 

personalised customer experience—all of which are direct functions of data analytics capability. Dynamic 

pricing algorithms require real-time competitor price intelligence and demand elasticity estimates. Inventory 

availability depends on accurate demand forecasting models trained on historical sales patterns. Delivery speed 

and reliability depend on route optimisation engines fed by real-time GPS telemetry. And personalised 

experience depends on individual-level behavioural profiles built from transaction histories, browsing patterns, 

and search queries (Provost & Fawcett, 2013). Flipkart's transition to a big-data-first architecture began around 

2012–2013, coinciding with its Series D funding round and rapid SKU expansion, and has accelerated 

continuously since. 

 

5. The Five Vs of Big Data at Flipkart 

 

The five-Vs framework provides the foundational characterisation of Flipkart's data landscape. Each dimension 

manifests at a scale that necessitates purpose-built distributed infrastructure rather than conventional database 

management approaches. 

 

Volume 

Flipkart generates an estimated three to five petabytes of data daily, derived from 500 million user records, 150 

million product SKUs, 1.4 million seller accounts, and the clickstream, transaction, GPS telemetry, and sensor 

data associated with eight million peak daily orders (Flipkart Engineering Blog, n.d.). This volume necessitates 

the Hadoop Distributed File System (HDFS) for primary storage, supplemented by S3-compatible object stores 

for archival data, enabling scalable horizontal expansion of storage capacity by adding commodity nodes to the 

cluster. 

Velocity 

During peak events such as the Big Billion Days sale, Flipkart processes real-time data streams from clickstream 

events, live inventory updates, payment authorisation signals, and GPS telemetry at sub-second intervals. 

Apache Kafka serves as the high-throughput message broker ingesting these streams, while Apache Spark 

Streaming and Apache Flink perform stateful stream processing. Inventory status, for example, must be updated 

within 60 seconds of a purchase confirmation to prevent overselling—a latency requirement that makes batch-

only architectures operationally unacceptable (Flipkart Engineering Blog, n.d.). 

 

Variety 

Flipkart's data spans a broad typological range: structured order and payment records in relational databases; 

semi-structured JSON event logs from web and mobile applications; unstructured customer reviews, seller Q&A 

threads, and customer service transcripts; image data from product photographs and social media; and audio 

data from voice search interactions. This variety necessitates a polyglot persistence architecture in which 

MongoDB manages heterogeneous product catalogue documents, HBase handles wide-column real-time 
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lookups, Elasticsearch powers full-text search, and Hive provides SQL-on-Hadoop querying for historical 

analytics. 

 

Veracity 

Data quality represents one of Flipkart's most consequential operational challenges. During the 2019 Big Billion 

Days sale, Flipkart's data engineering team determined that approximately 12% of incoming clickstream data 

was bot-generated, corrupting the demand signals that inventory allocation algorithms relied upon (Flipkart 

Engineering Blog, n.d.). The EDA conducted on the product catalogue dataset corroborates the veracity 

challenge at the catalogue level: 68.3% of product category tree entries across 19,672 records were duplicates, 

reflecting the variant proliferation inherent in large marketplaces. Without active deduplication pipelines, 

recommendation algorithms risk systematically overweighting products that appear multiple times, producing 

'echo chamber' effects in search results. 

 

Value 

The ultimate justification for Flipkart's data infrastructure investment is the measurable business value it 

generates. Personalisation engines lift conversion rates from approximately 1.8% to 3.2% and contribute an 

estimated 15% of total GMV through recommendation-driven purchases. Demand forecasting models reduce 

stockout rates by approximately 30% and excess inventory by 20%, directly improving margin and customer 

satisfaction. Fraud detection models have reduced fraud-related losses by approximately 40%. Collectively, the 

recommendation and pricing engines contribute an estimated 25–30% of Flipkart's incremental GMV—a figure 

that quantifies the strategic return on big data investment (Flipkart Engineering Blog, n.d.; Flipkart Tech@Scale, 

2022). 

 

 

6. Data Architecture: SQL, NoSQL, and Database Paradigms 

Flipkart's database architecture exemplifies the polyglot persistence model, deploying multiple database 

technologies matched to the specific characteristics of each workload. 

 

Relational and Object-Relational Paradigms 

 

Flipkart's early transactional backbone relied on MySQL, a classical RDBMS providing full ACID compliance 

for order management, payment reconciliation, and seller payout processing. As the seller count exceeded one 

million and product attribute diversity increased, the rigid relational schema became a bottleneck: schema 

migrations required downtime, and modelling complex product hierarchies required expensive multi-table joins 

(Flipkart Engineering Blog, n.d.). PostgreSQL, an object-relational DBMS (ORDBMS), addresses this 

limitation through support for complex data types—arrays, user-defined types (UDTs), and JSONB columns—

enabling Flipkart to model product objects with nested specification arrays while retaining ACID transactional 

guarantees. At the application layer, Java-based microservices use Hibernate ORM to map object-oriented 

domain models to relational schemas, achieving OO-RDBMS-like flexibility without a native object database 

deployment. 

 

NoSQL: MongoDB, HBase, Redis, and Elasticsearch 

MongoDB's document model proved architecturally suited to Flipkart's heterogeneous product catalogue. A 

single MongoDB document for a smartphone encompasses nested arrays (technical specifications, promotional 

offers, seller listings), embedded reviews, and polymorphic attribute fields—information that a relational 

schema would require five or more joins to reconstruct. MongoDB's aggregation pipeline enables real-time 

faceted search results, filtering simultaneously by brand, price, rating, and availability (MongoDB Inc., n.d.). 

HBase, the wide-column NoSQL store built on HDFS, provides the real-time read-write capability that 

MongoDB and Hive cannot offer: sub-five-millisecond lookups for inventory levels across 150 million SKUs, 

customer-facing order status tracking, and the user preference feature store that feeds the recommendation 
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engine. Redis serves the lowest-latency requirements—session management, shopping cart state, and 

recommendation serving cache—at sub-two-millisecond read latency. Elasticsearch powers the full-text product 

search index, enabling the complex query decomposition required for Flipkart's search ranking models. 

 

7. The Hadoop Ecosystem at Flipkart 

Flipkart built one of India's largest private Hadoop clusters—reportedly exceeding 2,000 nodes at peak capacity 

circa 2018–2020—before migrating portions to a hybrid cloud model following the Walmart acquisition 

(Flipkart Engineering Blog, n.d.). The Hadoop ecosystem at Flipkart encompasses HDFS for distributed storage 

with three-way block replication; YARN for multi-tenant resource management across concurrent ETL, 

analytics, and ML training jobs; Apache Hive for SQL-on-Hadoop business intelligence queries; HBase for real-

time NoSQL access to HDFS-resident data; Apache Pig for ETL data flow scripting; and Apache Oozie 

(subsequently replaced by Apache Airflow) for workflow orchestration of nightly ETL directed acyclic graphs 

(DAGs). 

A critical design evolution within this ecosystem was the replacement of MapReduce with Apache Spark for 

latency-sensitive workloads. Traditional MapReduce jobs required 20 to 40 minutes to process demand signals 

from POS and clickstream data—acceptable for nightly batch reports but operationally untenable during flash 

sales where inventory status changes every 60 seconds (Chambers & Zaharia, 2018). By migrating real-time 

workloads to Spark while retaining MapReduce for cold batch processing, Flipkart achieved the latency profile 

required for event-driven commerce at scale. 

 

8. Apache Spark: Real-Time Processing Engine 

Apache Spark's in-memory processing model and RDD lineage-based fault tolerance make it the cornerstone of 

Flipkart's real-time analytics capabilities. Spark's driver-executor architecture partitions data across executor 

nodes, processing each partition in parallel within executor JVM processes. On node failure, Spark recomputes 

only the lost partitions by replaying the RDD lineage graph—a fault recovery mechanism that eliminates the 

need to re-read the entire dataset from HDFS (Chambers & Zaharia, 2018). 

Flipkart deploys Spark across four strategic workloads. First, recommendation refreshes: Spark Streaming 

ingests Kafka clickstream events and updates collaborative filtering recommendations every 60 seconds, 

ensuring that a product browsed by a user in the current session influences the recommendations shown before 

the session ends. Second, dynamic pricing: Spark processes competitor price feeds, demand elasticity signals, 

and margin constraints to recompute listing prices for over 50 million SKUs on a 15-minute cycle. Third, search 

ranking: Spark MLlib trains gradient-boosted tree models on daily query-click logs, continuously improving the 

relevance of search result ordering. Fourth, fraud detection: Spark processes payment events in sub-second 

windows, scoring transactions against fraud models before payment gateway approval—a latency requirement 

incompatible with batch processing. 

 

9. Data Warehousing, Data Lakes, and Lambda Architecture 

Data Warehouse 

Flipkart's enterprise data warehouse (DWH) stores structured, cleaned, and integrated historical data from all 

operational sources, optimised for OLAP querying by business intelligence teams. Built on Hive-based HDFS 

storage with Apache Parquet columnar encoding, the DWH contains six or more years of historical order, return, 

payment, and seller performance data. The dimensional model follows Kimball and Ross's (2013) star schema 

design, with fact tables (orders, returns, payments) joined to dimension tables (customer, product, geography, 

time) through surrogate keys. This structure enables the complex multi-dimensional aggregation queries—

conversion rate by category, city tier, and device type across comparable sale periods—that inform category 

management and marketing investment decisions. 
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Data Lake 

Flipkart's data lake—built on HDFS with a metadata layer managed by Apache Atlas—ingests raw, unprocessed 

data from all organisational touchpoints in their native formats: JSON web and app event logs, Avro-encoded 

Kafka messages, CSV seller uploads, GPS telemetry from Ekart delivery agents, customer service call 

transcripts, and social media mentions. Unlike the DWH, which imposes a predefined schema at write time, the 

data lake applies schema-on-read, providing data scientists and ML engineers the flexibility to define feature 

engineering transformations appropriate to each modelling task without the overhead of schema migration. 

 

 

Lambda Architecture 

Flipkart's Lambda Architecture—as described by Marz and Warren (2015)—bridges the DWH and data lake by 

combining a batch layer (Hadoop/Hive for historical accuracy and completeness), a speed layer (Spark 

Streaming and Kafka for real-time low-latency updates), and a serving layer (Cassandra and HBase) that merges 

outputs from both layers to serve live dashboards, inventory APIs, and personalised homepages. The 

architecture's primary operational cost is maintaining two parallel processing stacks; Flipkart's strategic roadmap 

(discussed in Recommendations) targets migration to a unified Data Lakehouse model to reduce this overhead. 

 

10. OLAP and OLTP at Flipkart 

The OLTP-OLAP distinction structures Flipkart's database deployment decisions. OLTP systems—MySQL 

clusters with geography-sharded read replicas, Redis session stores, and Cassandra for high-throughput cart 

management—handle the thousands of short, atomic write transactions per second that constitute live commerce 

operations. These systems prioritise write throughput, row-level locking, and strict ACID compliance at the cost 

of query flexibility. 

OLAP systems serve the inverse requirement: complex, multi-dimensional analytical queries over petabytes of 

historical data. Flipkart operates three OLAP tiers. Apache Druid—a real-time OLAP database—provides 

interactive sub-second analytics on high-cardinality event data such as clickstream and app engagement metrics, 

enabling product managers to query live dashboards during sale events. Apache Kylin pre-computes OLAP 

cubes on Hadoop for common aggregation patterns, reducing query latency for standard BI workloads. Presto 

enables federated OLAP queries spanning HDFS, MySQL, and Hive, allowing analysts to join historical DWH 

data with operational database records without data movement. 

 

11. Hive and HBase: Analytical Query Engines 

 

Apache Hive provides HiveQL—a SQL-like interface to HDFS-resident data—enabling business analysts to 

query petabytes of historical data without writing MapReduce programs. At Flipkart, Hive is the primary tool 

for monthly seller commission calculations, customer cohort retention analysis (30/60/90-day retention by 

acquisition channel), category-level margin analysis comparing private label (Flipkart Smart Buy) against 

marketplace products, and return rate anomaly detection by geography and product category. Initial HiveQL-

on-MapReduce execution times of four to six hours for multi-year clickstream queries were reduced to 10 to 30 

minutes through migration to Apache Tez and subsequently Spark SQL execution backends. 

HBase complements Hive's batch analytical role with real-time random read-write access: sub-five-millisecond 

inventory level lookups for 150 million SKUs, customer-facing order status tracking APIs, rolling seven-day 

and 30-day seller performance metric computation, and storage of user personalisation features (category 

affinities, price sensitivity scores) that feed real-time recommendation serving. The complementarity of Hive 

and HBase—batch analytical breadth versus real-time operational depth—reflects the broader polyglot 

persistence principle: each system is deployed where its architectural characteristics align with the workload's 

requirements. 

 

 

 

https://ijcope.org/


International Journal of Creative and Open Research in Engineering and Management    

ISSN: 3108-1754 (Online) 

Volume 02 Issue 05 May-2026 | Impact Factor: 3.5 

© 2026 The Author(s). Published by IJCOPE Journal. Website: https://ijcope.org/                                                                                                              9 

12.  ETL Process and Data Pipeline 

Flipkart's ETL infrastructure processes over 500 GB of raw logs per hour and orchestrates hundreds of data 

pipelines daily across the full extract-transform-load lifecycle (Flipkart Engineering Blog, n.d.). 

The extract phase captures change events from MySQL OLTP databases via Debezium Change Data Capture, 

application log streams through Apache Kafka topics, third-party API feeds from payment gateways and 

logistics partners, seller-uploaded product data, and external enrichment sources including weather APIs and 

macroeconomic indices used as features in demand forecasting models. 

Transformation is performed in Apache Spark DataFrames and Hive scripts, encompassing data cleansing 

(duplicate removal, null imputation, encoding normalisation), enrichment (joining product IDs to the master 

catalogue, mapping IP addresses to geographic hierarchies), aggregation (daily active user counts, GMV by 

category, return rates), derived metric computation (customer lifetime value scores, seller quality indices, Net 

Promoter Score calculation), and standardisation (timestamp normalization to IST, currency conversion, review 

text sanitisation for downstream NLP processing). 

Transformed data is loaded into destination systems matched to downstream consumer requirements: Hive tables 

partitioned by date for batch BI queries, HBase for real-time API-serving lookups, Druid for OLAP interactive 

analytics, and Elasticsearch for search index updates. Pipeline orchestration migrated from Apache Oozie to 

Apache Airflow, enabling Python-native DAG definitions, richer dependency modelling, and SLA-alerting for 

the 500+ pipelines ranging from five-minute micro-batch inventory synchronisation jobs to weekly ML model 

retraining workflows. 

 

13. Data Mining at Flipkart 

 

Data mining—the discovery of patterns, correlations, and anomalies from large datasets through statistical and 

machine learning methods—underpins virtually every strategic decision function at Flipkart (Provost & Fawcett, 

2013). 

Association rule mining using the FP-Growth algorithm on order co-occurrence data identifies product bundle 

affinities, driving the cross-sell widgets that contribute an estimated eight to 10% of total order revenue. K-

Means and DBSCAN clustering segments Flipkart's 500 million users into behavioural cohorts—price-sensitive 

bargain hunters, brand-loyal repeat purchasers, occasion-driven gift buyers—enabling targeted communication 

strategies that achieve a reported 23% higher click-through rate than generic broadcast messaging. XGBoost 

and Random Forest classifiers predict return propensity before shipment, enabling pre-allocation of reverse 

logistics capacity and achieving a 15% reduction in reverse logistics costs. Isolation Forest and Autoencoder 

models detect fraudulent seller listings and payment anomalies, reducing fraud-related losses by an estimated 

40%. 

BERT-based sentiment analysis processes millions of customer reviews daily, extracting product defect signals, 

packaging complaints, and feature appreciation patterns that feed directly into category management quality 

assurance processes. This NLP capability represents Flipkart's most sophisticated unstructured data mining 

application, converting the qualitative textual output of millions of customer experiences into structured quality 

signals actionable by merchandise and supplier management teams. 

 

14. Four Types of Analytics: Applied Case Studies 

Flipkart operates simultaneously across all four levels of the analytics maturity model—descriptive, diagnostic, 

predictive, and prescriptive—with different business functions and decision horizons served by each level 

(Davenport & Harris, 2007). 

 

Descriptive Analytics 

Flipkart's descriptive analytics infrastructure—comprising the internal Vajra BI platform and Tableau 

dashboards—provides business leaders with daily summaries of historical performance. Following the Big 

Billion Days 2023 sale, descriptive analytics teams produced category-wise GMV breakdowns, average order 

value by city tier, top-100 selling product rankings, seller dispatch compliance rates, and payment method 
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distribution within 24 hours of event conclusion. These reports consumed HiveQL queries on the DWH and 

were visualised through Tableau, providing the post-hoc performance record necessary for stakeholder reporting 

and year-over-year benchmarking. 

 

Diagnostic Analytics 

Diagnostic analytics at Flipkart uses drill-down OLAP queries, cohort analysis, and A/B test retrospectives to 

identify root causes of observed performance anomalies. A salient example involves a 2022 spike in apparel 

return rates. Presto-based OLAP drill-downs revealed that the spike was concentrated in size categories S and 

M in South India, attributable to a major seller's systematic mislabelling of garment sizes—generating a 34% 

return rate in affected SKUs. The diagnostic finding triggered an immediate seller quality audit and a platform-

wide size standardisation mandate, illustrating how diagnostic analytics translates data insights directly into 

operational remediation. 

 

Predictive Analytics 

Flipkart's predictive analytics capability is most consequentially deployed in demand forecasting for the Big 

Billion Days sale. The data science team trains an ensemble of time-series models—ARIMA for stable, 

stationary product categories; Facebook Prophet for festival-sensitive GMV and order volume; LSTM neural 

networks for volatile, high-velocity SKUs such as trending fashion items and new smartphone launches—on 

five years of historical sales data enriched with festival calendars, cricket match schedules, smartphone launch 

dates, and macroeconomic inflation indices. The ensemble achieves a Mean Absolute Percentage Error of 

approximately five to eight percent for top-100 SKU demand forecasts, enabling 95% inventory pre-positioning 

accuracy across 20 fulfilment centres four weeks before the sale event—reducing stockouts by 30% and excess 

inventory by 20% relative to pre-analytics baselines. 

 

Prescriptive Analytics 

Flipkart's dynamic pricing engine represents the company's most sophisticated prescriptive analytics 

deployment. The system does not merely predict optimal prices; it prescribes the exact listing price that 

maximises revenue subject to constraints including minimum margin floors, competitor price parity thresholds, 

and user price-sensitivity segment assignments. This multi-objective optimisation problem is solved through a 

combination of reinforcement learning (for long-run strategy) and linear programming (for constraint 

satisfaction), operating on a 15-minute repricing cycle across more than 50 million SKUs simultaneously. The 

result is a pricing system that responds to competitor discounting, demand shifts, and individual user price 

sensitivity within the same timeframe that a human pricing analyst would require to update a single category. 

 

15. Forecasting Techniques 

 

Flipkart deploys a portfolio of forecasting methods matched to the temporal characteristics, data volume, and 

business context of each forecasting problem. 

ARIMA (Auto-Regressive Integrated Moving Average) is applied to category-level weekly demand forecasting 

for products with stable historical patterns, such as commodity electronics, achieving a MAPE of approximately 

12 to 18%. Facebook Prophet is deployed for daily GMV and aggregate order volume forecasting, where its 

native handling of Indian festival seasonality (Diwali, Durga Puja, Eid), trend changepoints (post-COVID 

demand discontinuities), and holiday effects makes it distinctly suited to the Indian e-commerce calendar, 

achieving 8 to 12% MAPE. LSTM neural networks address the non-linear, long-range temporal dependencies 

characteristic of volatile fashion SKUs and new product launches, achieving 6 to 10% MAPE on these high-

stakes forecasting tasks. Holt-Winters exponential smoothing serves seller-facing sales projection dashboards 

where interpretability and computational simplicity are prioritised over accuracy. 

For the highest-stakes prediction task—Big Billion Days SKU-level inventory positioning—Flipkart employs a 

hybrid ensemble that combines LSTM, Prophet, and gradient-boosted tree predictions through a stacking meta-

learner, achieving the 5 to 8% MAPE figure that underpins 95% pre-positioning accuracy. Beyond time-series 
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methods, causal regression models incorporating external predictors—GDP growth rates, smartphone 

penetration indices, competitor discount depths, and social media sentiment scores—enable 'what-if' scenario 

analysis by category managers evaluating promotional investment decisions. 

 

16. Cluster Computing and Fault Tolerance 

 

Cluster Computing 

Cluster computing—the distribution of computational workloads across interconnected commodity server 

nodes—is the fundamental enabling mechanism of Flipkart's big data processing capability. No single machine 

can store or process five petabytes of daily data; the cluster paradigm decomposes this problem into node-level 

tasks whose outputs are aggregated by the cluster coordinator. Flipkart's infrastructure includes 2,000+ node 

Hadoop YARN clusters for batch ETL and ML training, dedicated Spark clusters on YARN and Kubernetes for 

streaming analytics and ML inference, multi-broker Kafka clusters for event stream ingestion, and regionally 

distributed HBase RegionServer clusters for inventory and order status serving. Data locality optimisation—

scheduling computation on the node where the relevant data block resides—minimises inter-node network I/O, 

a critical efficiency at petabyte data volumes (White, 2015). 

 

Fault Tolerance 

At 2,000-node cluster scale, hardware failures are statistical certainties rather than exceptional events: even a 

daily node failure probability of 0.1% implies two failures per day. Flipkart's big data stack is engineered for 

graceful fault tolerance throughout. HDFS achieves data durability through default three-way block replication; 

the NameNode automatically triggers re-replication from surviving replicas upon detecting a failed DataNode. 

Spark's RDD lineage graph enables recomputation of only the lost partitions on node failure, without re-reading 

the full input dataset. Kafka achieves zero message loss through partition replication across multiple brokers, 

with automatic leader election via ZooKeeper when the lead broker fails. HBase uses Write-Ahead Logging 

combined with RegionServer replication to ensure data durability and regional failover. YARN's task attempt 

tracking reschedules failed MapReduce or Spark tasks on healthy nodes without aborting the parent job. 

Collectively, these mechanisms ensure that hardware failures in Flipkart's cluster infrastructure cause zero 

customer-facing service disruption—a business continuity capability that proved decisive during the high-traffic 

conditions of the Big Billion Days sale events. 

 

17. Embedded Case Studies 

Case Study 1: Big Billion Days Sale Optimisation 

The Big Billion Days (BBD) sale represents Flipkart's highest-stakes annual operational event and the most 

demanding test of its big data infrastructure. The 2014 edition exposed fundamental architectural weaknesses: a 

single-node RDBMS bottleneck caused server crashes within 30 minutes of sale launch; inaccurate demand 

forecasts led to high-demand product stockouts; bot-generated traffic corrupted real-time demand signals; and 

logistics infrastructure was overwhelmed by order volume unmatched to fulfilment capacity. By BBD 2023, 

Flipkart's rebuilt big data infrastructure delivered 99.99% uptime while processing eight million orders per day, 

maintaining a stockout rate below 5% on top-100 products and achieving 95%+ delivery SLA compliance 

(Flipkart Engineering Blog, n.d.). 

The architectural transformation that produced this outcome was multi-dimensional: Hadoop cluster scale-out 

to 2,000+ nodes; Apache Kafka and Spark Streaming for real-time bot detection and demand signal rectification; 

LSTM-based demand forecasting enabling 95% inventory pre-positioning accuracy four weeks ahead of the 

event; Cassandra for high-throughput, fault-tolerant cart management during peak concurrent user sessions; and 

Lambda Architecture integration ensuring that real-time inventory updates from the speed layer were 

immediately reflected in customer-facing availability signals. 
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Case Study 2: Personalised Recommendation Engine 

 

Flipkart's early recommendation system was rule-based—surfacing top sellers within the category a user was 

browsing—achieving a conversion rate of approximately 1.8% against an industry benchmark of 3 to 4%. The 

replacement system deployed Alternating Least Squares (ALS) matrix factorisation on Spark MLlib, trained on 

more than ten billion user-product interaction events stored in HDFS, to generate personalised collaborative 

filtering recommendations. Content-based filtering augments the ALS output using product attribute similarity, 

and contextual bandits handle exploration-exploitation for new users with sparse interaction histories. 

User behavioural feature vectors—category affinities, price sensitivity tiers, brand preferences, recency-

weighted purchase histories—are stored in HBase with sub-five- millisecond lookup latency, enabling real-time 

recommendation scoring. Batch ALS model retraining on HDFS runs nightly via Airflow-orchestrated Spark 

jobs, while Spark Streaming refreshes real-time recommendations every 60 seconds based on the current 

session's clickstream. Recommendation outputs are served from Redis cache at under two milliseconds. The 

system achieved a conversion rate of 3.2%, generating recommendation-attributable revenue of approximately 

15% of total GMV, with personalised widget click-through rates three times higher than generic alternatives 

(Flipkart Tech@Scale, 2022). 

 

Case Study 3: Ekart Supply Chain and Logistics Analytics 

 

Ekart's logistics network, dispatching approximately one million shipments daily, previously relied on static 

route plans generated nightly—plans that could not adapt to the dynamic events (traffic congestion, delivery 

access failures, customer unavailability) that characterise last-mile delivery in India's diverse urban and semi-

urban geographies. The consequence was a first-attempt delivery failure rate of 23%, with re-delivery attempts 

significantly increasing per-shipment cost. 

Flipkart's resolution combined real-time GPS telemetry ingestion via Apache Kafka, dynamic route recalculation 

through Spark Streaming-powered Vehicle Routing Problem (VRP) solvers using Dijkstra's algorithm, and ML 

models predicting customer availability windows from historical delivery pattern data. Delivery agents' mobile 

devices stream GPS coordinates at sub-second intervals to Kafka; Spark Streaming processes this telemetry city-

wide, recalculating optimal delivery sequences for all active routes simultaneously and pushing updated 

instructions to agent devices. The outcome was a first-attempt delivery success rate improvement from 77% to 

91%, an 18% reduction in fuel costs, a 22-minute reduction in average delivery time, and a 12-point 

improvement in customer Net Promoter Score (Flipkart Engineering Blog, n.d.). 

 

18. Peer Comparison: Amazon India, Myntra, and Meesho 

Benchmarking Flipkart's big data capabilities against its primary competitors reveals both areas of parity and 

strategic gaps warranting investment. 

Amazon India's primary competitive advantage in data infrastructure is the vertical integration of its commerce 

operations with AWS—a fully managed cloud big data environment encompassing Amazon EMR for Hadoop, 

Amazon Redshift for data warehousing, Amazon Kinesis for event streaming, Amazon SageMaker for ML 

platform services, and Amazon DynamoDB for NoSQL. This stack integration eliminates the infrastructure 

management overhead inherent in Flipkart's hybrid on-premises and Azure cloud model. Amazon's proprietary 

DeepAR probabilistic forecasting model—a recurrent neural network architecture trained on Amazon's global 

product demand data—represents the most capable demand forecasting system in the industry, setting the 

benchmark against which Flipkart's ensemble forecasting must compete (Amazon Science, n.d.). Amazon's 

item-to-item collaborative filtering recommendation engine is attributed with approximately 35% of Amazon's 

global revenue, establishing the gold standard for recommendation system business impact. 

Myntra, as a Flipkart subsidiary focused on fashion e-commerce, has developed fashion-specific big data 

capabilities that complement Flipkart's platform strengths: computer vision-based visual search, social media 

trend forecasting from Instagram and Pinterest image streams, and ML-based size recommendation models 

designed to reduce return rates from size mismatch—the dominant cause of fashion returns. Meesho, targeting 
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Tier-2 and Tier-3 city consumers through a social commerce model with WhatsApp-originated orders, 

demonstrates that competitive big data analytics does not require on-premises Hadoop infrastructure: a lean 

Google Cloud-native stack combining BigQuery for data warehousing and Dataflow for ETL delivers Meesho's 

analytical requirements at a fraction of Flipkart's infrastructure cost, with LightGBM-based forecasting models 

calibrated to rural demand patterns. 

Key competitive gaps identified by the benchmark include Flipkart's ML platform tooling maturity relative to 

Amazon SageMaker, the operational complexity of the hybrid on-premises plus Azure infrastructure versus 

Amazon's unified AWS stack, and the delayed adoption of full Lakehouse architecture compared to Databricks-

using peers. Flipkart's Cerebro ML platform is the primary internal initiative addressing the tooling maturity 

gap, aiming to provide 1,000+ data scientists with a unified feature store, model registry, and deployment 

pipeline. 

 

19. Conclusions 

This paper has examined Flipkart's big data analytics strategy through a comprehensive multi-framework 

analysis spanning infrastructure architecture, analytical maturity, operational use cases, and competitive 

benchmarking. Several conclusions of theoretical and managerial significance emerge. 

First, Flipkart's decade-long big data transformation demonstrates that data analytics capability is not a discrete 

investment but a compounding organisational asset: the progression from a crashed 2014 BBD launch to a 

99.99%-uptime, eight-million-orders-per-day system in 2023 reflects continuous architectural evolution, not a 

single technology replacement. Second, the polyglot persistence model—deploying multiple database 

technologies matched to specific workload profiles—is empirically superior to single-technology architectures 

in the e-commerce context, where OLTP transaction requirements, OLAP analytical needs, real-time lookup 

demands, and full-text search capabilities cannot be optimally served by any single database engine. 

Third, Flipkart's progression across the analytics maturity model—from descriptive dashboards to diagnostic 

drill-downs, predictive demand forecasting, and prescriptive pricing optimisation—validates Davenport and 

Harris's (2007) theoretical prediction that analytical maturity generates compounding competitive advantage. 

The recommendation and pricing engines, which contribute an estimated 25 to 30% of incremental GMV, 

represent the financial return on this analytical investment. Fourth, fault tolerance is properly understood not as 

a technical concern but as a business continuity mechanism: the HDFS replication, Spark RDD lineage, Kafka 

partition replication, and ZooKeeper coordination mechanisms that prevent node failures from causing 

customer- facing disruption are directly responsible for the availability performance that differentiates Flipkart's 

infrastructure from its 2014 baseline. 

Finally, the peer comparison reveals that Flipkart's primary competitive gap is not in data volume or analytics 

sophistication but in platform integration and ML tooling maturity. Amazon India's advantage derives 

substantially from the seamless vertical integration of its commerce operations with AWS infrastructure—an 

advantage that Flipkart's hybrid architecture and evolving Cerebro ML platform are specifically designed to 

address. 

 

20. Recommendations 

 

Based on the analytical findings of this study, seven strategic recommendations are advanced to strengthen 

Flipkart's competitive data position, ordered by priority. 

 

      Recommendation 1: Data Lakehouse Migration.  Flipkart should migrate its hybrid Hadoop infrastructure 

to a Data Lakehouse architecture using Apache Delta Lake or Apache Iceberg on Azure ADLS Gen2. A 

Lakehouse combines the schema flexibility of a data lake with the ACID transactional guarantees and query 

performance of a data warehouse, eliminating the Lambda Architecture's operational complexity. Estimated total 

cost of ownership reduction: 30 to 40% over three years (Databricks, n.d.). Priority: Critical; Timeline: 18 to 24 

months. 
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      Recommendation 2: Federated ML Platform (Cerebro v2).  The Cerebro ML platform should evolve 

toward federated machine learning, enabling data scientists across Flipkart, Myntra, Ekart, and Cleartrip to share 

model artefacts and feature stores without raw data sharing—addressing privacy compliance requirements while 

capturing cross-entity modelling synergies. Feature store adoption (Feast or Tecton) would recover the estimated 

60 to 70% of data scientist time currently consumed by feature engineering. Priority: High; Timeline: 12 to 18 

months. 

 

      Recommendation 3: Graph Analytics for Fraud Network Detection.  Augmenting current entity-level fraud 

detection with graph analytics (Apache Spark GraphX or Neo4j) would enable detection of coordinated fraud 

rings—networks of fake sellers, review farms, and payment fraud collectives—that evade individual-entity 

models. A seller relationship graph connecting sellers, bank accounts, addresses, and product listings would 

expose collusive structures currently invisible to isolation-forest models. Estimated additional fraud prevention: 

15 to 20% uplift. Priority: High; Timeline: 6 to 12 months. 

 

      Recommendation 4: Causal Inference for Pricing Optimisation.  Replacing correlational pricing models 

with causal inference frameworks (DoWhy, EconML) would enable counterfactual reasoning—'What would 

conversion have been at a 5% lower price?'—optimising long-term customer lifetime value rather than short-

term conversion for high-CLV cohorts. Estimated CLV improvement: 10 to 15%. Priority: Medium; Timeline: 

12 to 18 months. 

 

      Recommendation 5: Vernacular NLP Data Pipeline.  India's 500 million smartphone users increasingly 

interact in regional languages. Multilingual NLP pipelines for vernacular review analysis (Hindi, Tamil, Telugu, 

Kannada), voice search intent classification, and regional demand pattern mining represent a data asset that 

global competitors have not fully developed for the Indian market. Estimated Tier-3 city conversion 

improvement: 20%. Priority: Medium; Timeline: 9 to 12 months. 

 

      Recommendation 6: Data Governance for DPDP Act Compliance.  India's Digital Personal Data Protection 

Act 2023 introduces consent mandates, data principal rights, and potential data localisation requirements that 

create compliance obligations materially similar to GDPR. Flipkart should invest in a centralised governance 

framework using Apache Atlas for metadata and lineage management, Apache Ranger for fine-grained access 

control, and automated PII detection and masking pipelines to achieve compliance without impeding analytics 

velocity (Ministry of Electronics and Information Technology, 2023). Priority: Critical; Timeline: 6 to 9 months. 

 

      Recommendation 7: Edge Analytics for Ekart Last-Mile.  Deploying lightweight TensorFlow Lite 

inference models on delivery agent devices would enable partial route optimisation computation at the edge, 

reducing central data centre load and delivery instruction latency in low-connectivity rural delivery zones where 

Ekart is expanding. Estimated last-mile cost reduction: 10%. Priority: Low; Timeline: 12 to 18 months. 
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