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ABSTRACT: Real-time retail analytics addresses immediate business inquiries through instantaneous reporting.
Responses to emerging questions can be automated using real-time algorithms, but many others require human
intervention, visual exploration, and ad-hoc analysis. These must be performed in true real-time, with freshness of the
data being more important than the level of detail. Most commonly, responses take the form of dashboards. Real-time
dashboards continuously process data streams and auto-refresh related queries. Compared to historical dashboards that
depend on a data warehouse, near-real-time dashboards emerge from a data lake and offer noticeable advantages.

Delays often affect time-sensitive dashboards. At the analytical level, the data pipelines may have become blocked due
to sudden spikes in traffic; delays may be acceptable in certain tolerable failure modes when data freshness is less crucial
than data correctness. Nevertheless, the interactive exploration of data is a near-real-time demand and supportive of
decision-makers accountable for a company's results. Late data can even be tolerated in semi-real-time dashboards.
Latency continues to be a secondary criterion in the second-highest requirement category: dashboards that answer
complex analytical queries with data at a greater logical level of detail.

KEYWORDS: Retail analytics, data engineering, stream processing, data pipelines, real-time systems, section_title,
Data Ingestion and In-Flight Processing.

L. INTRODUCTION

Business leaders today are increasingly reliant on data-driven decision-making. To this end, retailers are turning to
analytics models capable of maximizing the returns from the vast amounts of anonymized data they collect on customer
behavior and preferences. Deploying analytics these data models typically necessitates the use of frequent flyer points
effectively for for analytics engines. Test drivers then grant the customer deep discounts or other promotional offers
identified through data analysis. Building more optimally supporting distributed data-everything pipelines is also
necessary. These developments sometimes warrant the term big data but more frequently real-time analytics aptly
expresses them. Yet data visitors capable of meeting such requirements are surprisingly scarce in either form.

The shopping experience—or any other collection of customer-facing transactions—may be modeled as discrete events
or a continuous stream. A non-player character walks down the street or a customer browses online. Streaming analytics
deployed consistently categorize incoming events. The nature of retail offerings leads to a variable number of products
per customer. Meta data can thus demand heavy-duty burdens. Building new services relies on product availability;
furthermore, real-time player searches can either enable or sever marketing campaigns. Transaction alters can be added
or clarified.

In today’s competitive retail environment, business leaders increasingly rely on data-driven decision-making to better
understand customer behavior and optimize marketing strategies. Retailers collect vast amounts of anonymized customer
data—from browsing patterns and purchase histories to product preferences—and use advanced analytics models to
extract actionable insights. These analytics engines process the data to identify trends, predict customer needs, and
recommend targeted promotions such as deep discounts, loyalty rewards, or personalized offers. To support this process,
organizations must build scalable distributed data pipelines capable of handling large volumes of information
efficiently. While these systems are often associated with the concept of big data, the term real-time analytics more
accurately reflects their goal: analyzing customer interactions as they occur to enable immediate business responses.

Customer-facing activities such as online shopping or in-store interactions can be modeled either as discrete events—
individual actions like adding a product to a cart—or as part of a continuous data stream representing ongoing customer
behavior. Streaming analytics systems continuously categorize and process these incoming events, allowing businesses
to detect patterns in real time. Retail environments typically involve a variable number of products per customer
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transaction, which increases the complexity and volume of metadata that must be processed. As a result, robust data
infrastructures are required to manage these workloads effectively. In addition, real-time insights into product availability
and customer searches can directly influence marketing campaigns, enabling businesses to quickly adjust promotions,
update product recommendations, or refine transaction records. By integrating streaming analytics with operational
systems, retailers can create more responsive and personalized shopping experiences while improving overall business
performance.
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Fig 1: Big Data Management Engineering

1.1. Background and Significance

The phenomenal growth of digital distribution in retailing brings both opportunities and challenges. Online and
omnichannel retailers embrace new technological paradigms that allow them to surpass traditional competitors in both
the business-to-consumer and business-to-business domains. The addition of considerable amounts of data, consumed in
real time, creates the need for new analytical capabilities able to exploit them in real time, capturing the insights as soon
as they are generated. For retailers, online and omnichannel, not being able to understand what is happening in real time
becomes a fatal disadvantage. The data analytics fulfillment process, serving different requests requiring different
architectures, would benefit from being triggered by the arrival of data. Data arrival thus becomes a release point for the
fulfillment process, and in turn a request to be fulfilled.

The academic literature contains a wealth of papers that investigate different aspects of big data, both in terms of
technology and in terms of applications, but it is mostly focused on batch processing. Data engineering frameworks that
guarantee a real-time response to the arrival of data, which also respect different dimensions of data governance and offer
a broad spectrum of analytical capabilities—including real-time dashboards, alerts, and decision support—are still rare.
This paper addresses emerging trends in real-time retail analytics and data engineering frameworks capable of enabling
these trends, discussing different aspects and dimensions of the frameworks, from data ingestion to the fulfillment of data
requests through any type of architecture and analytics method, and emphasizing the guarantees that the frameworks
offer. Four questions guide the discussion: What new analytical contrasts and tools are required? What are the key
components of an engineering framework able to support these new tools? What are the emerging data engineering
dimensions that need to be satisfied in real time? How can the real-time fulfillment of requests be managed with these
new requirements?

Equation 1: Define a simple queueing model

Model the ingestion stage (broker/queue + consumer) as a single-server queue:
e Arrival rate (events/sec): A

e Service/processing rate (events/sec): p

o Utilization: p=2Ap
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Step 1: Stability condition
If arrivals exceed service for long enough, backlog grows without bound.
Stable system <& A< u

Step 2: Utilization

©
I
|

e Ifpisclose to 1, the system is “nearly saturated”.
II. FOUNDATIONS OF REAL-TIME RETAIL ANALYTICS

Because Real-Time Retail Analytics is comprised of carefully curated components assembled into a particular
configuration that is conducive to solving a subset of the original problem, the research follows a problem-oriented
design. The problem-oriented strategy is informed by the application of targeted concepts from the conditions-at-hand
theoretic framework. In pragmatic terms, it is accomplished by a selection guidance mechanism that clusters the available
Framework Components into discrete areas of interest—each serving as a significant contributor to the larger real-time
solution set. Choice of the cluster to be explored is dictated by the underlying components. The visual representation of
the component cluster facilitates its use as a checklist against which existing research may be evaluated.

This portion of the research is focused on the specific subarea R2: Real-Time Retail Analytics recognized within the Data
Engineering for Online Retail Analytics Framework. The currently still-embryonic set of Data Engineering for Online
Retail Analytics Framework Components R2a through R2f collectively pulls together several of the main concepts from
data architecture and implementation services for streaming streaming media from any distributed data sources directly
into analytic systems. The collection is particularly focused on streaming-retail-related Ingestion Pipelines, Data Quality
Controls, Framework-Conformant Data Modeling, and Consistency and Reliability Considerations as they pertain to
achieving Data Quality, Data Provenance, and Data Governance and Regulatory Compliance clearly identified as
universally important open challenges in the Data Engineering for Online Retail Analytics trend.
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Fig 2: Real-Time Retail Analytics

2.1. Research design

Evidence-based analysis of the available literature on distributed frameworks for real-time retail sales analytics suggests
aresearch design that will guide theory and practice by addressing both how and why systems are constructed. Answering
the “how” questions identifies the necessary technologies and architectural components of a distributed data engineering
framework and the requisite knowledge for implementation with an emphasis on Ingesting Raw Event Data in Real Time
or near Real Time and Preparing the Data for Stream Processing with In-Flight Analytics. Addressing the “why”
questions engages the respective theoretical foundations of data engineering, business analytics, and information systems.
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Data-driven use cases for the construction of a distributed cloud-based data engineering framework capable of supporting
real-time analytics for retail sales demonstrate the practical necessity for such systems and current limitations in System-
Hecatoncheir. Fresh requirements are identified, architectural constraints articulated, and a Real-Time Event Processing
Data Ingestion Layer evaluated against the criteria of Speed, Efficiency, Ease, Volume, Resilience, Relational Maturity,
Testability, and Governance. Distributed data engineering frameworks capable of supporting real-time analytics for retail
sales are surveyed to provide guidance for design and implementation.

Equation 2: Little’s Law (generic, very useful)

Let:

e L = average number of events in the system (queue + being processed)
e W =average time an event spends in system (end-to-end latency)
Little’s Law:

L
L: = —
AMW=w 7

This is the clean link between backlog and latency.
I11. DISTRIBUTED DATA ARCHITECTURES FOR STREAMING ANALYTICS

Data Ingestion and In-Flight Processing

Data ingestion pipelines acquire and stage data streams from various sources. Apache Kafka is the most widely adopted
event streaming platform equipped with a publish-subscribe mechanism for handling message-enabled data streams.
Message Queuing Telemetry Transport (MQTT) protocol is gaining traction in retail for connecting Internet-of-Things
(IoT) devices. Both Kafka and MQTT have connectors for scalable enterprise and cloud deployments. While Kafka
queues are implemented as partitioned logs, MQTT brokers support topic-based filtering. Ingestion requires buffering to
accommodate accelerate bursts of traffic. Buffering queues add elasticity, decoupling downstream processing from the
generator. Backpressure protects producers from cautions.

Deriving value from streams still requires sophisticated in-flight processing to act upon and modify data flows. A
thorough data quality layer is a prerequisite. Stream data quality requirements are similar to those of batch processes.
However, embedded data quality transformations must be lightweight, incremental, and designed not to bottleneck
processing speed. Schema evolution is frequently demanded by dynamic sources but is not natively supported for
streaming workloads in many data platforms. The integration of Apache Kafka with Apache Iceberg or Delta Lake Hive
enables Iceberg or Delta Lake’s schema evolution support for streaming sources.

Deriving meaningful value from streaming data requires sophisticated in-flight processing capabilities that can analyze,
transform, and act on data as it moves through the pipeline. To ensure reliability and trust in streaming analytics, a strong
data quality layer is essential. Although stream data quality requirements are largely similar to those in traditional batch
processing, the transformations applied within streaming systems must be lightweight, incremental, and optimized to
avoid slowing down high-velocity data flows. Another important challenge in streaming environments is schema
evolution, as data structures from dynamic sources often change over time. Many streaming platforms do not natively
support such schema changes, which can lead to processing disruptions. Integrating technologies like Apache Kafka with
modern data lake table formats such as Apache Iceberg or Delta Lake through Hive helps address this issue by enabling
robust schema evolution support for streaming data sources, allowing pipelines to adapt to structural changes without
interrupting processing.
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Fig 3: Real Time Data Architecture In Retail

3.1. Data Ingestion and In-Flight Processing

Data ingestion pipelines transfer streaming data from source systems to stream processing engines. Sources may be
relational or non-relational databases, third-party applications, or bespoke systems, and connectors transfer data from any
of these sources into a distributed messaging system. Data may also be ingested through lightweight agents processing
operating system events, capturing changes to files or directories, or by intercepting network traffic. In a bank, for
instance, an agent could capture all transactions and feed the data through a connector that transforms the data format
before putting it in the messaging system or performing other tasks such as filtering or enrichment.

When ingestion clients transfer data at a rate that exceeds the capacity of message queue consumers, the ingestion pipeline
may incorporate buffering mechanisms to prevent data loss. However, buffers introduce delays because data must first
fill the buffer before flowing downstream. Moreover, they may also increase the risk of a bottleneck forming at the
ingestion stage. Message queues accommodate this imbalance more effectively by acting as a staging area for message
flow. Nevertheless, message queues can fail. To mitigate this risk, redundancy may be added, enabling the loss of some
nodes without compromising data movement. In distributed data installations, producers also take care to enforce
backpressure through a variety of techniques—for instance, temporary disconnection from the broker—preventing
message production when consumers are unable to keep pace.

Equation 3: M/M/1 result (one standard closed form)
If we assume:

e Poisson arrivals,

e exponential service times,

e one effective server,

then mean time in system is:

w 1
=7
Mean waiting time in queue:
W= 1 A
a poopu—2)

3.2. Stream Processing Engines and State Management

Prominent among the available options for the central stream processing engine in a retail-oriented streaming architecture
are Apache Kafka Streams, Amazon Kinesis Data Analytics, and Apache Flink. Each of these platforms features its own
strengths and weaknesses, and the choice of a particular engine should be informed by the requirements of the given use
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case and the other integrated components of the pipeline. The popularity of Kafka Streams in the retail domain can be
attributed, in no small part, to the seamless integration with Apache Kafka that is afforded by deploying both within the
same data center. Amazon Kinesis Data Analytics provides the next best convenience of running integrated streaming
and consumptive-transpose applications on the complete Kinesis stack. Its state management and checkpointing can be
deployed without additional effort when Kinesis Data Streams is used as the ingestion layer. In contrast, Flink is the most
general-purpose stream processor, permitting otherwise-impossible features and integrations with numerous other
products. The availability of a natively-built data connector to Confluent Platform's fully-managed, self-managed, or
completely open-source variant of Apache Kafka is highly beneficial to deploying Flink in a solution stack where Kaftka
serves as the ingestion layer.

State management is one of the defining features of these engines. For applications such as sales forecasting, it is useful
to maintain a rolling count of the number of distinct items sold each week. Because this is a continuously growing value,
a considerable amount of memory is consumed over time. Flink deploys the state store in a very different manner to the
other two engines. It is backed by an actual database rather than a distributed in-memory key-value store. Checkpointing
is provided automatically across the cluster. This means that data will not arrive at the target with exactly-once processing
guarantees unless the target is writing to a Kinesis Data Firehose sink with transactional support enabled. Exactly-once
guarantees can be achieved for the broader Kinesis ecosystem only by ensuring that transactional output is used within
the scope of the same window. There is an inherent trade-off in stream architectures for high-latency, high-throughput
application scenarios. In particular, Flink offers a more flexible guarantee on state management than the other two
engines, allowing fading of state within defined boundaries.

IV. DATA MODELING FOR REAL-TIME RETAIL

Modeling plays a key role in shaping how data is stored and accessed. Operational systems need a different approach
than traditional batch-oriented platforms since they work with time-sensitive information entering at a high velocity and
require a response without significant latency. Inconsistent facts or schema violations would result in querying errors or
delays. Testing for these conditions might be impractical because not all errors are easily predictable.

Many pipelines that fall under data warechousing as an analytical paradigm are familiar with the core concepts of
dimensional modeling. Businesses deal with invariants of the systems; certain entities that embody change occur slowly.
Nevertheless, data modeling for pipelining must also address time-related aspects since many of the facts express
something that changes with time. When the products change frequently, the available stock needing replenishment varies
rapidly, or the number of users is very high, it becomes essential to check whether the statistics are correct. If an action
has already taken place and the processing has failed for some reason, the response can be ignored, generating even more
noise. These considerations suggest the need for using the event time of facts with a focus on windows.

In data warehousing pipelines built on dimensional modeling, organizations often deal with stable business entities while
certain attributes evolve slowly over time. However, analytical data modeling must also carefully account for temporal
aspects because many facts represent events that occur and change across time. In environments where products change
frequently, stock levels fluctuate rapidly, or systems process activity from a large number of users, ensuring the accuracy
of computed statistics becomes critical. Processing delays or failures can cause events to be handled out of order or even
duplicated, introducing noise into the analytical results. To address these challenges, modern data pipelines emphasize
the use of event time rather than processing time, allowing facts to be analyzed based on when they actually occurred.
By applying windowing techniques, data can be grouped into meaningful time intervals, enabling more reliable
aggregation, reducing the impact of late or failed processing, and maintaining consistent analytical insights even in highly
dynamic systems.
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Fig 4: Data Modeling for Real-Time Data Processing Systems

4.1. Dimensional and Invariant Models in Streaming Contexts

Facts are measures or descriptive attributes about an event, generated by different departments or functions in an
organization. As the most atomic element, facts belong to the lowest level of granularity in data warehouses. Sales figures
are classic examples. Metrics are encapsulations of facts combining attributes that would normally require joining
multiple tables—such as sum and count metrics.

DMAIC projects operating in retail settings commonly adopt a star schema comprising dimension lookups and fact
measures. The star schema optimizes detection of anomalies in historical sales patterns, as well as consumption of
business performance metrics, by business intelligence and dashboard tooling. Slowly changing dimensions are vital in
enabling reliable visualization of large numbers of dimensions across boardroom dashboards. Streaming analytics tools
such as Spark SQL can manage these complexities seamlessly. Event-based models optimize the encoding of high-
velocity stream data and, in some domain applications, replace star schemas. First principles warrant clarification of these
concepts in the streaming context, yet doing so represents a relatively uncommon analytical research direction.

Dimensions are attributes of facts that contain too many distinct values (high cardinality) to be practical for direct use in
dashboard and boardroom visualizations. Dimension tables thus condense lookups for fast, performance-sensitive access.
Properties such as customer, location, product, supplier, and sales force typically function as dimensions of retail fact
tables. Other attributes enter the fact table directly because they belong to all measures or are part of every messaging
payload. Examples range from transaction ID, order number, and website-click sequence—properties associated directly
with the sales transaction or event—to email address and device ID, which appear in every event from the same user and
can potentially connect disparate applications and channels.

4.2. Time-Centric Data Models and Windows

The timeline plays a vital role in retail analytics, allowing retailers to be more responsive to sales. However, it is equally
crucial for an analytical framework to contain data that adhere to the timeline; otherwise, the quality of the data is
negatively impacted. Two time-centric dimensions need to be included: Event Time and Processing Time.

Event Time marks the time when an event actually occurs, such as the time an item on a store shelf is purchased or
returned, and it can be precisely used in analytics to mimic real-time data model-based reporting, such as sales dashboards
for the current and previous days. Despite the term, it does not necessarily mean it is Internet time or real time; any time
of day or night can serve as Event Time. With respect to Purchasing Time, all sales and redemption transaction data
should represent Event Time. These data usually come from transactional and back-end systems, where someone—a
third-party vendor or the retailer’s supplier—sets and sends them. For the Data Format and Item Master models, Item
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Sales Event Time is simply a copy of the Event Time column in their parent fact tables. The same relationship holds for
Event Time in the Product Availability Data model. In fact, all products in a store can be compared contemporaneously.

Processing Time is the time when the data enters the analytical environment for processing. All other data, such as product
availability and pricing details, enter the environment sooner or later throughout the analysis window. The time when the
data is parsed and ready is known as Processing Time: these data leave the analytical environment with a Time stamp
equal to Processing Time. Windows partition data into discrete subsets that analytics examine in shorter time frames; this
feature considerably improves performance and reduces resource consumption.

Equation 4: Event time, processing time, and windows — operational equations
Step 1: window index
7
w=|=
T

start(w) = wT,end(w) = (w + DT

Step 2: window boundaries

Let each event i have value x;(e.g., sales amount).
Window sum:

Window count:

c, = Z 1
iwi=w
Window average:
S,
Xy = C,

V. CONSISTENCY, RELIABILITY, AND EXACTLY ONCE SEMANTICS

Distributed Data Architectures for Streaming Analytics

The vulnerabilities of distributed streaming architectures warrant investigation. Failures often occur in distributed
systems, leading to data loss. However, built-in mechanisms to maintain data integrity could mitigate the problem if
properly configured. In-stream data loss undermines the correctness of analyses and machine-learning models. Analyzing
the effects of out-of-order events is essential to addressing data loss and retention. Proposed solutions include
watermarking, droppers, and late-joining strategies. Additionally, ingesting data in a multi-step process can reduce hot-
spotting.

A robust streaming platform should enable fault tolerance through segment replay, distributed retrying and redelivering
of records, automatic detection and handling of consumption failure, and readiness for rapid recovery of any microservice.
These mechanisms—replay, idempotence, user-defined failover, group-failover, and state-backup and -restore—help
minimize or completely eliminate permanent outages. Guarantees of exactly-once processing semantics may be offered
at various levels of granularity along the data flow. Proper understanding of the transactional boundaries required for
such guarantees is crucial for preventing unexpected data-loss situations. Implementations of these guarantees usually
control retention periods of provably persisted segments.

The focus of Garofalakis et al. is on data ingestion and in-flight processing, which support real-time retail sales analytics.
Back-pressure mechanisms in ingestion connectors ensure smooth and continuous data processing. During periods of
high data ingestion rates, in-flight processing buffers become back-logged. These concepts apply not only to the design
of data ingestion pipelines but also to any distributed microservice designed to provide, consume, or process streaming
data. Such services can leverage dynamic templates to evolve the schema of incoming data streams without downtime.
An exception is the definition of actively managed data product caches, for which back-pressure is detrimental.
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Equation 5: Transaction boundary idea (atomic commit)
Let a transaction for window w be:
1. Read/process all events in E,,,
2. Compute S,,
3. Commit output (and state/checkpoint) atomically
We can describe sink visibility with a commit flag ¢, € {0,1}:
e Before commit: ¢,, = 0= sink must not show the new result
e After commit: ¢, = 1= sink shows exactly that result
A simple way to model correctness is:
Sink(w) = ¢, - S,

Exactly-once requires:
e ¢, switches from 0 to 1 exactly once
¢ and does so only when the transaction is complete

5.1. Fault Tolerance in Distributed Pipelines

The mechanism for ensuring fault tolerance takes several forms. Data loss can occur through unhandled exceptions in
the source, transformation, or sink stages of a distributed data streaming pipeline, or from a system failure: A node going
down can leave behind incomplete information on data that had started to flow through it. The simplest and most common
approach is to write incoming data in logs or event stores, and to allow a downstream processing stage to reprocess that
data. A more sophisticated mechanism is idempotence. If processing consistently yields a deterministic outcome, it does
not matter if that processing happens once, more than once, or even less than once. For instance, trying to create a key in
a key-value store can be designed such that overwriting an existing key (with the same value) has no effect, so that it can
be done safe and sound even in an at-least-once processing guarantee context. In such a setting, exact processing
guarantees can be achieved along the edges of a pipeline that introduces idempotency in key-value log writes.

When dealing with a side effect (that is, a new state being created), having a processing stage output zx task completion
marker that is then read and interpreted only in one unique sink (the unique sink guarantees that there is always just one
mark being pursued at a time) can also eliminate the problem. Nevertheless, the side-effect mark has to be persisted until
it has been correctly received by the downstream operator folia. Since the mark carries information indicating that those
side effects are not undertaken anymore, they can be cleaned up after being acknowledged by the consumer. That said,
wechnology architectures must be in place to carry on correctly the error scenario checks without introducing too much
management overhead.

lllustrative latency blow-up as utilization approaches 1 (M/M/1)
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5.2. Exactly-Once Processing Guarantees

Exactly-once guarantees are the holy grail of stream processing systems: if they can support these under the constraints
of highly-scalable systems then they can trivially support at-least-once and at-most-once guarantees. The concept of
“exactly once” in stream processing is more nuanced than in batch jobs (where it is just a simple statement of whether or
not the job has done its job correctly); it instead relies on the idea of transaction boundaries, where a transaction usually
contains a sequence of processing steps that is protected from consistent failure.

When supported correctly by a stream processing system, a fault during the execution of a transaction should cause any
upstream or downstream transaction to remain unaffected: such upstream and downstream transactions are therefore hen
an external observer cannot see that the transaction has executed and therefore treated as none executed; when all
processing steps in a transaction have executed and received the commit message, it is treated as complete. This unfelt
execution can be aided by watermarking between connected streams where watermarks reflect, more or less, bounds on
how far the data has been processed down-streamed.

VI. DATA QUALITY, GOVERNANCE, AND COMPLIANCE IN REAL-TIME

Securing and maintaining data quality for stream processing, real-time analytics, and machine learning requires a range
of new capabilities that demand equivalent capabilities as those present in fully realized distributed batch platforms.

6.1. Data Provenance and Lineage in Streaming Systems. Provenance tracking is a key requirement in real-time data
pipelines for data management, quality, and compliance. It enables organizations to continually monitor the data flowing
through their system for inconsistency, quality degradation, and other issues while also acting as a pointer to the
underlying sources of such issues. Consequently, a designed-in capability for capturing and storing the provenance (or
lineage) of the streaming processing steps applies equally to batch and streaming systems. Traceability, and compliance
with regulations such as GDPR, demand fine-grained management of provenance information through the
implementation of metadata catalogs.

6.2. Data Privacy and Regulatory Considerations. Data is frequently subject to privacy or governance rules that require
compliance controls to ensure that data is collected, managed, processed, and released in the correct manner. Such
controls are dependent both on the type of data being consumed as input to the transmission and transformation processes
and on the target consumers of that data (especially as regards sensitive personally identifiable information). Analysis
and evaluation of compliance controls should consider who has access to data, how the data being accessed is represented,
whether the data is anonymized, if so how, whether data retention policies are followed, and to what degree the processes
map to the requirements of relevant regulations.
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6.1. Data Provenance and Lineage in Streaming Systems

Although similar to data pipelines constructed in batch mode, provenance and lineage represent more rapidly evolving
challenges in streaming environments. In a streaming context, the recorded provenance information must be carefully
designed to avoid generating excessive overhead on the system, because provenance data must keep pace with the
incoming streams. Yet it must also contain a sufficient amount of information about the computation to allow for future
debugging and monitoring phases, even if such monitoring may take place at a different speed from the processing of the
data.

A few proposed solutions suggest the inclusion of metadata management methods and provenance data management in
streaming environments, highlighting how these additional layers allow reconstructions of data provenance and lineage.
Traceability among data objects is crucial to any data governance or data quality platform, enabling detailed responses
to questions like “where did my data come from.” As users increasingly demand the ability to provide such an answer
and to automate compliance with regulations that require the ability to respond, questions of data lincage and data
provenance will become even more critical. Capturing such information at the lowest level and keeping it consistent with
semistructured metadata models is paramount.

6.2. Data Privacy and Regulatory Considerations

Governance mechanisms control, monitor, and audit how data is accessed during ingestion, processing, and analysis
phases. These controls assign access levels to users or classes of users, thereby limiting the data that users can access to
only that which is vital for their role’s performance. Sensitive data can be further protected through anonymization,
transformation, or encryption at ingestion and/or analysis phases. The ingestion phase can also include retention controls
that model data persistence requirements according to maturity and regulatory statuses. Such controls allow for the
selection and removal of data that are unwanted, trivial or leave the organization susceptible to regulatory action.

Data governance considers privacy and retention requirements at each stream-processing phase. A well-structured data-
pipeline architecture automatically governs data usage based on assigned permissions and retention policies. Dynamic
governance solutions provide organizations with privacy levels that fluctuate according to the context, time, and purpose
of analytics. GDPR obligations can be mapped to pipeline components: data minimization and legal basis—data
collection; purpose limitation—data usage; data accuracy—even in live data; data retention—data expiration processes;
data security—data storage.

VII. CONCLUSION

From cloud computing and DevOps to social media, Internet of Things sensors, and mobile devices, dramatic
advancements in technology over the past two decades have resulted in an avalanche of data that can be collected and
analyzed. These advancements have given rise to a surge of interest in real-time data analytics—an emerging paradigm
capable of processing data immediately upon arrival. Demand for real-time analytics has been especially strong in the
fields of finance (for example, for fraud detection), media (for monitoring audience engagement in real time), and
transportation (for autonomous vehicles). However, real-time OLAP analytics have not yet reached the same level of
maturity and are much less widely adopted. Despite this, real-time analytics features such as always-on sessions, instant
personalized offers, and automatic inventory replenishment are beginning to appear in high-end solutions offered by
niche streaming analytics vendors. What has lagged behind are real-time data infrastructures capable of providing high-
throughput, low-latency, reliable, and cost-efficient support for these real-time analytics capabilities. As the number of
data sources, types, and volumes increases further, the complexity of building and operating the underlying distributed
data pipelines continues to grow. Potential users still face the ongoing challenges of uncertainty around data quality,
provenance and lineage, and compliance with data privacy regulations. Addressing these requirements and constraints in
production settings therefore remains an open area of research.

7.1. Emerging Trends

Retailers increasingly seek to harmonize their data silos by creating unified platforms that integrate disparate company
functions and enable organization-wide decision making. Distributed data engineering frameworks can aid by enabling
scalable ingestion and in-flight processing of data from multiple sources. Data-streaming architectures accommodate the
continuous arrival of data and evolving analytical requirements, support large volumes of data in constant flux, and
provide resources on-demand. Architectures specifically tailored for retail sales and operations enable real-time detection
of situations warranting immediate response.

Although the proposed approaches cover the major aspects required for real-time retail sales analytics, several facets
remain unexplored. The trade-off between data freshness and business value has not been investigated. Moreover,
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capitalizing on data freshness while remaining cost-effective involves optimizing the data pipelines to process only the
most valuable data at any given point in time.
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