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Abstract

Intelligent Data Platforms (IDPs) represent a transformative concept for enterprises
striving to continually personalize product, message, and experience offerings across
the customer journey, at scale. The notion reflects the data and analytic capabilities
enabling organizations to drive personalization through automated, data-driven
processes dedicated to delivering tailored experiences across all interactions with
customers—both online and offline.

These platforms incorporate specialized components for customer data integration,
customer 360-degree generation, segmentation and profiling, behavior-based
personalization, experimentation, and trust-related applications—ranging from data
quality and lineage to compliance with privacy policies. They integrate with the IT
landscape for support functions such as enterprise service management and data
governance, thereby helping retail organizations establish processes for a systemic
delivery of personalized experiences.

Alongside a description of the key components of an IDP, the relevant wholesale
architecture principles for supporting personalized breadth, depth, and freshness of
individual offerings are explored. The discussion covers the essential ability to exploit
customer-centric personalization implicitly throughout a retail business model—
alongside demand-driven forms of personalization involving active multidimensional
segmentation.
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1. Introduction

The massive amount of data being generated continuously by people has captured researchers’ and industry
analysts’ attention. People generate data about their likes and dislikes, behaviors, and interactions with
organizations and people when they surf the Web, search for products and services, talk to their friends,
post on social media platforms, consume products and services, and shop in stores. Data is stored in pools
(databases, data warehouses, and data lakes) for further analysis and processing to derive actionable
insights—information that organizations could use to improve their strategic, tactical, and operational
decisions and implement appropriate responses (marketing offers, alert systems, fraud detection systems,
customer retention strategies, etc.) through multiple touchpoints. The personalization of these actions is
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increasingly becoming central to organizations’ success. Advertising platforms enable businesses to
promote their products and services to the right audience at optimal time and cost by delivering personalized
ads to consumers. Customers are thus able to receive information about products and services that are
relevant to them instead of being bombarded with irrelevant marketing offers.

The advent of data, technologies, and techniques dedicated to the modeling and enabling of
personalization is attributed to the growing number of use cases across various sectors, such as e-commerce,
banking, hospitality, insurance, transportation, education, and entertainment. In particular, several hybrid
data-oriented processes involving not just processing but also people and technology enable organizations
to engage with customers on an individual basis. Since a customer’s relationship with a business changes
with time as part of the customer lifecycle, organizations are also focusing on building and updating
customer profiles. Detecting people’s present and future needs is key to ensuring customer satisfaction, and
it has thus been the focus of extensive research and development.

1.1. Overview of the Study

Research on intelligent data platforms extends the traditional concept of a data warehouse—a central
repository for integrating data from disparate sources, designed to support business intelligence (BI)
through batch analytics systems. Intelligent data platforms incorporate the foundation of a data warehouse
but extend its role in content-based retail and merchandising analytics. These platforms support not only
classic descriptive and diagnostic analytics but also predictive and prescriptive analytics based on machine
learning. Such machine learning-based models might range from supervised classification/regression
models through unsupervised clustering or anomaly detection to reinforcement learning for control.
Enhanced digital footprints allow retailers to personalize offerings to individual customers as they move
through their journeys.
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Fig 1: Beyond the Warehouse: Architectural Frameworks for Scalable Hyper-Personalization and
Customer-Centric Outcomes in Intelligent Data Platforms

Enterprise firms in content-based industries—such as retail, telecommunications, and media—envision
intelligent data platforms enabling large-scale personalization to become sources of sustainable competitive
advantage. Yet, existing large-scale enterprise personalization initiatives often fall short of expectations
due to systemic design and engineering deficiencies. Disparate tooling, multi-specialist teams, and
heterogeneous IT systems slow down the required speed, quality, control, governance, monitoring, and
scaling of personalization deployments. Addressing these challenges requires a comprehensive architecture
to scale individualized customer-centric business outcomes and key performance indicators (KPIs) with the
same speed and quality levels achieved in content-centric personalization.

2. Defining Intelligent Data Platforms for Retail Analytics
Intelligent data platforms for retail analytics offer a new architectural paradigm that differs from traditional
data warehouses and data lakes. A wide array of cross-industry use cases connects with the analytics
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offerings of data platform vendors, ranging from self-service business intelligence to advanced machine
learning. Retailers might look to leverage personalized analytics to tailor marketing campaigns, enhance
customer experience, and reduce churn. Unlocking these large-scale, multi-use-case platforms requires
industry-specific analytics capabilities. A focus on analytics-related components, addressing common
personalization paradigms and challenges, and articulating data platform requirements for personalized
analytics at scale, provide insights to guide intelligent-data-platform and enterprise-analytics deployments
in retail.

Data platforms, defined as \( \text{“a set of modular services or components that facilitate the
process of data consumption, sharing and analytics both internal and external to an organization”} \), enable
analytics on multiple use cases across different industries at scale. Intelligent data platforms for retail
analytics can therefore be seen as specialized editions of these data platforms, closer to the concept of
industry cloud offerings. While enterprise data platforms look to bridge the gap between analytics and
operations, the analytics layer remains largely agnostic to the specific business domain, driven by the
availability of cloud-native or low-code offering stacks. Retailers, however, face rapid shifts in customer
behavior fueled by pandemic-induced economic pressures and other developments, differentiating
themselves and driving growth through hyper-personalization. Industry vendors like Neustar and Salesforce
are creating customer data platforms optimized for data-driven customer journeys.
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Fig 2: Key Functional Modules in Intelligent Data Platforms for Retail Personalization

2.1. Key Components of Intelligent Data Platforms

An intelligent data platform for personalized retail analytics at scale comprises eight core capabilities: data
ingestion and integration, storage and management, processing and modeling, orchestration and
governance, data quality, personalization support, experimentation facilities, and native analytics
capabilities. Unifying these components with a common set of data, metadata schemas, consumption
patterns, and services fosters interoperability and accelerates delivery.

Scalable data platform architecture is also essential. Modular design enables cloud-native
deployment across multiple or hybrid providers, and a microservices architecture enhances agility and
speed by enabling independent development, testing, and operation of different capabilities, thus
circumventing the bottlenecks associated with monolithic solutions. Security is paramount; compliance
with industry standards, regulations, and customer expectations builds consumer trust and reduces the
overhead of data usage across sales and marketing processes, thereby enhancing the effectiveness of data-
driven decision making.

Equation 1) Formalizing the platform definition and “8 core capabilities”
A practical way to express this definition mathematically is as a composition of services:
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Step-by-step formulation

1. Let the platform be a set of modular services:

P ={S4,S,, ..., Sk}
2. Each service S; exposes APIs that transform inputs to outputs:
Si: (Din' Min) - (Doutl Mout)

where D=data, M=metadata (lineage, schema, governance signals), consistent with the metadata and
governance.

3. The paper specifies eight core capabilities.

Map them as modules:

P= {Sing' Sstor' Spl‘OC’ SorchJ qu' Spers' Sexp' Sana}

Table 1: Capability — Operational Metrics

Capability (paper) Operational metric examples (what you can measure)
Ingestion & integration ingest latency, schema-evolution success rate
Storage & management cost/TB, query latency, retention compliance
Processing & modeling feature compute time, model training time
Orchestration & governance | pipeline success rate, policy violations

Data quality accuracy/completeness/timeliness scores
Personalization support CTR uplift, conversion uplift, churn reduction
Experimentation facilities test velocity, % features A/B tested

Native analytics dashboard latency, self-serve adoption

3. Architectural Foundations for Scale

Since intelligent data platforms support a broad array of retail-specific personalization use cases, their
architecture must facilitate scalability across dimensions such as data volume, number of algorithms and
deployment points, and number of customers. Applying five architectural principles—deploying
microservices, embracing cloud-native design, adopting a modular approach, aiming for a truly
interoperable ecosystem, and putting genuine security by design at the forefront—helps achieve this
scalability.

An intelligent data platform must be built on a scalable architecture. Similarly to other types of
analytics or decisioning capabilities offered by a retail organization, personalization applies to a wide range
of business functions. These include marketing communication (email, push notification, ads, etc.),
assortment and offer management, e-commerce merchandising, media strategy, and so on. For most
organizations, any single area consumes only a small fraction of the available data, but when a retailer has
a large customer base and a high-frequency channel (e.g., web/app media), solutions must be designed to
perform at massive scale. Scalability must be considered across multiple dimensions: data volume, volume
and frequency of features, modelling and decisioning at scale, and deployment at scale.

Intelligent data platforms must thus be designed from the ground up to scale flexibly and elastically
with demand-minded application development and deployment teams delivering via microservices on this
open cloud-native backbone. Microservice-based design for analytics decisioning ecosystems is not new.
A truly cloud-native design enables virtually limitless elasticity, at a price premium commensurate with
demand. An approach with independent, self-contained modules makes both cloud and on-prem
configuration more straightforward for IT. Lastly, integration for a specific project area (e.g., managing
customer preferences — a kind of customer data platform functionality, albeit typically on a much smaller
scale) does not require supporting and activating the entire ecosystem simultaneously.

3.1. Data Ingestion and Integration
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Two main approaches for data ingestion—batch and streaming—can be configured to suit retail analytics
workloads. On one hand, batch ingestion moves data to the analytical environment at regular intervals. This
approach fits workloads that require extensive data transformation and whose data sources are not changing
constantly. On the other hand, streaming ingestion supports the continuous flow of data from sources and
allows complex-event processing capabilities to support alerts and notifications. Intelligent data platforms
for retail analytics typically use heterogeneous data connectors to facilitate the ingestion of business-logic-
based, conversation- and action-oriented data from multiple tourism and hospitality data sources. Some
sources generate structured data while others generate semi-structured or raw data. New connectors can be
added as business needs change, with support for schema evolution.

Data integration transforms data into a format usable by a business application. At the complex-
action layer, use of metadata becomes crucial. With the rapid scaling of data volumes and variety, metadata
becomes a key objective throughout the data lifecycle and can be used to manage and control data flow,
support data storage optimization, automate data quality checking, and manage publication. In addition,
metadata can indicate how data is moving over time (data lineage) and inform businesses about their
compliance with laws such as the General Data Protection Regulation.
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Fig 3: Hybrid Ingestion Architectures and Metadata-Centric Governance: Optimizing Schema
Evolution and Regulatory Compliance in Multi-Source Retail Analytics

3.2. Data Modeling and Semantics

Data modeling serves as the foundation of any data platform. In addition to implementing physical
schemata, intelligent data platforms require semantic schemata that facilitate data integration, sharing, and
reuse by providing skilled practitioners and casual data users alike with a common vocabulary for
formulating many types of queries at different abstraction levels. These semantically accurate models are
able to connect users with the appropriate sets of data, data sources, and fitting transformation processes to
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generate the needed attributes for answering user-defined analytics tasks. In particular, well-defined
semantics also associate attributes to the ontologies, knowledge bases, and expert systems that make
different kinds of domain knowledge available to end users.

These semantic models increase the ability of computer systems to select the correct data
automatically, perform advanced reasoning, and intelligently fuse data coming from multiple sources in a
coherent way without requiring explicit instructions from users to do so. The ability to significantly
augment the quality and quantity of available attributes by automatically extracting and transforming them
from other existing attributes, as well as knowledge bases, also supports effective semantic modeling.
Moreover, semantic data catalogs with automated annotation capabilities assist users with semantic data
discovery and provenance tracing, as well as with exploitation of privacy and security protection
mechanisms.

4. Personalization Paradigms in Retail

Personalized consumer experience is a hot topic in the retail industry worldwide. Despite significant
investments in personalization initiatives, retailers are facing challenges in delivering their personalized
solutions that meet customer expectations and drive actual business results. To address these challenges, it
is important to define all possible personalization paradigms in retail analytics, connect them to the required
actions, and map them onto specific personalization objectives, potential business outcomes, and evaluation
criteria. This provides a holistic overview of personalization in retail, revealing connections between
different approaches, trade-offs, and ethical impacts.

Labeling personalization based on the underlying assumptions about customers' needs and
expectations can help map various personalization options to required business actions. Moreover,
frameworks that describe different personalization options and categorize them according to the type of
anticipated response provide a better overview of available personalization solutions and their impact on
business results. The need for different approaches across the customer journey strengthens the value of
providing a taxonomy that classifies retail personalization at a higher semantic level while still supporting
practical applications. An overview of all available paradigms can also inform discussions about data
requirements and ethical directions and can thus bridge the gap between marketing science and practice.

Example Data Quality Profile Across Dimensions
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Fig 4: Taxonomy of Personalization Paradigms Across the Retail Customer Journey

4.1. Customer Segmentation and Profiling
Customer segmentation constructs group-specific customer profiles that direct personalized marketing
actions toward the relevant target audience to optimize their impact. Segmentation is supported not only by
explicit data, as in group-specific profiles based on transactions and other active customer engagement, but
also through inference from behavioral signals detected from a wider customer base and through
categorization behind the scenes.

For personalization applications in loyalty programs or targeted marketing, customer groups can
be defined according to typical in-group behavior patterns and settings, with group profiles reflecting
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pertinent attributes and signals, such as high-value buyers, deal-seekers, dormant institutionals, and one-
time tourists, or more condensed variations, such as loyal, prospective, and churn-risk customers. In the
casing example, a natural lifespan for customer segments exists, arising from the purchase-life cycle for
repeat customers. The customer-lifetime segmentation must incorporate accessible transaction information,
which may overlay explicit prices and be essential for key-event triggering applied in a dynamic manner,
such as within reacting offers. Ideally, a privacy-preserving mechanism can enable customer-lifetime
models without explicit user consent if only indirect information is considered, as such models are less
personalized and primarily for monitoring rather than for addressing users.

Equation 2) Personalization objective: breadth, depth, freshness
Step-by-step derivation
2. Let customer be u, item/offer be i, time be t.
A model outputs a relevance score:
s(u,i,t)
3. Convert score to probability of desired outcome (click/buy) using logistic link:

SN N 1
p(u,i,t) = a(s(u, L t)) =17 e—s@id
4. Freshness penalty: relevance decays with staleness At:

pr(u,i,t) =p(u,i,t) - e 4
4. Choose a set of K items R, (t) to maximize expected value:

v(u,i,t) pr(u, i, t)

At

max
Ry(t):IRI=K
1ERy (L)

where v(+) is value (margin, revenue, retention value).
5. Add the three goals explicitly:
Depth (relevance): maximize Y.ps

e Freshness: maximize with decay e 44t

Breadth (diversity): penalize redundancy, e.g. via similarity sim(i, j)
Final multi-objective form:

max 2171- pr(w,i,t) — B Z sim (i, j)

iER i#j,5,jER

4.2. Behaviorally Driven Personalization

Improvements triggered by customer actions—recently termed behaviorally-driven personalization
(BDP)—respond instantaneously to changing consumer needs in a volatile marketplace. Such
personalization reveals what people have done, what they are doing, what they are likely to do, and what
should be offered to change their behavior. Features can be defined as explicit signals that denote an
observed behavior or changes in a customer persona. These features are indicators relevant for a specific
action targeted toward the customer: a feature used for selecting the optimal next-product-to-purchase
recommendation might be a recent purchase or a sequence of purchases showing changing recent habits
(e.g., buying diapers and beer). The actions taken by retailers through such micro personalizations are
usually aligned with key performance indicators such as customer engagement or retention.

Even though BDP features can be efficiently engineered by adopting data-driven techniques, the
frequency and recency of the feature application still play a crucial role in ensuring success. Therefore, such
adaptations should happen on the fly rather than following a time-slicing strategy. Retailers using BDP
techniques have been experimenting in the areas of churn mitigation, predictive maintenance, predictive
quality, customer service, cross-selling, next-best-product recommendations, campaign effectiveness, and
next-best-offer decisions. Such a fluid mechanism relies on minor real-time investments and ensures that
the customers receive only material content in accordance with their behavior or persona evolution.
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5. Data Quality, Trust, and Experimentation
Reliable data quality is crucial for supporting any analytic approach. Well-known data quality dimensions
include accuracy, completeness, consistency, timeliness, uniqueness, and validity. Measurement
frameworks have been proposed to assess data quality along these dimensions, and data quality governance
processes define the design and implementation of data quality control and remediation activities. Trust is
another key issue. Analytical customers need mechanisms that assure them that the data used in methods
such as customer segmentation, business-rule driven personalization, and machine-learning driven
personalization can be trusted. Hence, they require knowledge of the data lineage, provenance, and
information about how external regulations such as the General Data Protection Regulation are fulfilled.
An often-overlooked aspect in analytics framework design is the need for experimentation and A/B
testing capabilities. As previous sections showed, even the most sophisticated personalization solutions
need to be verified and evaluated. Policy rules are by definition empirically untested assumptions, and the
effectiveness of such methods must be examined before they can be trusted. Causal machine-learning
approaches rely on similar empirical validation, and the effectiveness of the applied models with respect to
the defined business outcomes must be established. Evaluation must not only focus on the performance of
the predictive models, but must also verify that the personalization actions result in the expected business
outcomes such as increased conversion rates or revenue per customer.

5.1. Data Quality Frameworks

Trustworthy and quality data are prerequisites for successful personalized analytics services. Data quality
defines data’s fitness for function and is typically measured by dimensions such as accuracy, completeness,
consistency, and timeliness. Littlewood and Hsu identify seven properties necessary for data to afford a
reasonable level of trust: accuracy, coverage, recency, integrity, traceability, attribution, and privacy. These
data qualities can be evaluated retrospectively. Organizations can leverage data quality frameworks that
provide data quality measurement techniques and artifacts to maintain certain data quality targets along the
data lifecycle.
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Any data quality measurement is only useful when linked to corresponding remediation processes. Such
data stewardship processes could include automated data quality remediation through standard operating
procedures for data rules or incident management for lower-priority data quality rules. The demand for
rapid digitalization in enterprises and the growing volume and complexity of data are pushing organizations
to automate remediation processes. Stakeholders in data platforms for personalized analytics require such
capabilities that facilitate continual trustworthiness of data through detection, alerting, and remediation of
data quality errors and inadequate governance. Aligning a data quality initiative with Maturity models for
Data Quality enables mature organizations to gain business value from astute investments in data quality.

5.2. A/B Testing and Causal Inference

A/B testing enables empirical evaluation of disparate interaction approaches. Nevertheless, when
integrating results across customer segments for personalization or considering the impact of behavior
signals over time, using only two treatment options does not suffice. Alternate identification strategies, such
as instrumental variables, regression discontinuity design, and synthetic controls, can also identify treatment
effects. Given the difficulty of determining accurate causal models in real-world settings, detection of
correlation and time lag provides valuable insight, especially when costly and long-term experiments with
real customer behavior, such as campaign targeting, are planned. A/B testing additionally supports offline
causal inference.

In practice, well-defined A/B testing requires careful consideration of various aspects, including
randomization and treatment stability. Key design attributes and corresponding concerns include treatment
design and administration; sample size determination; adherence to treatment and sample divisions;
assignment process; and results evaluation. Despite the popularity of dynamic assignment rules, such
designs present complex estimation challenges. Continuous-time dynamic assignment rules require
accurate dimension reduction of time-varying treatment probabilities. When incorporating temporally
dependent covariates, permutation of test and control group sequences in a time-disjoint manner supports
the clear association of early observations with their respective treatment assignments. Selecting
randomized assignment to distinctive control and treatment policies mitigates issues associated with default
assignment or the polluting of control groups with treatment dynamics in observational data of sequentially
assigned treatment portfolios.

6. Platform Capabilities for Personalization at Scale
Intelligent Data Platforms provide a foundation for effective and scalable Personalized Retail Analytics by
supporting the core Data and Al capabilities required to accurately measure and deliver appropriate
personalized experiences. Meeting these requirements necessitates addressing a significant set of
challenges, many of which are accentuated by the demands of high-volume, high-availability deployments.
Building on Extensive Knowledge gained through years of Data and Al-related accelerator projects and
deployments globally, the following discussion highlights a number of central Platform capabilities—
centered around Data Quality, Trust, A/B Testing, and the fundamental infrastructure for producing,
managing, and deploying Models and Features—that are critical for enabling Personalization at Scale.
Personalization encompasses myriad approaches, ranging from broad group segmentation to the
specification of a unique, custom experience for every Customer. While virtually all businesses have
engaged in some form of Data-driven Personalization for many years, an explosion of new and emerging
techniques—together with the increasing volume, variety, and timeliness of Data available on each
Customer—has driven significant upheaval across brands, retailers, and service providers. These
developments present significant opportunities, and equally demanding challenges; Businesses eager to
sustain a competitive edge require new levels of Agility and Accuracy, harnessing Customer Insights and
Behavioral Signals at Speed to anticipate Customer Needs, Wants, Decisions, and actions.
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Illustrative Impact of Feature Freshness on Personalization Uplift
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Fig 6: Integrated Capabilities of Intelligent Data Platforms Supporting Scalable Personalization
Equation 3) Customer segmentation and profiling: clustering objective (standard)

Step-by-step derivation (K-means)
3. Represent each customer u as a feature vector x,, € R? (RFM, churn risk, affinity).
4. Choose number of clusters K. Assign each customer to a cluster c(u) € {1, ..., K}.
5. Define cluster centers py.
6. Objective: minimize within-cluster squared distance:

i 2
min X, —
{uk}.{c(u)}zu: %4 = Bew

Alternating minimization:
e Update assignments:
c(u) = argmin Il x, — p II”

=
Hg =77 ) X
TN u

u€eCy

e Update centroids:

6.1. Feature Stores and Model Management

Feature stores are specialized data management systems used to store and serve features used in machine-
learning models. Similar to a data catalog that provides a central repository for knowledge and a point of
access for data consumers, a feature store offers a source of knowledge about the features being consumed
in models and makes these features available to data scientists and engineers building ML solutions at scale.
Feature stores allow machine-learning practitioners to precisely manage and monitor the features that data
and Al initiatives consume. They also maintain a historical record of these features, which is often essential
for model reproducibility, and support rapid experimentation through precise feature versioning.

Two aspects directly related to scalability that a feature store is expected to cover involve offline
and online features as well as versioning. A feature store must provide both offline and online versions of
the same features. During development, the offline features are used to train, validate, and test ML models.
Once a model goes into production, it will consume the same features to score new data. It is critical that
the same features are used for both offline training and production scoring. Inconsistency between the
features used during training and those consumed in production often leads to poor results. A feature store
allows data scientists to be confident that they can access both versions of a feature. When the two versions
are well connected in the feature store, deployment pipelines can utilize these connections to avoid duplicate
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code and configuration. Proper management of offline and online feature stores therefore substantially
increases the scalability of the data and Al initiative while reducing the likelihood of human error.

In addition to the aspect of online/offline coordination, a feature store allows ML teams to explicitly
version features. Rapid experimentation and constant change are tenets of ML development, and data must
change correspondingly. When a feature is modified or replaced, that change must be reflected in the models
consuming it. However, not every model should pick up every change; while a model is being validated or
tested, it may need to continue using an older version of the feature. By explicitly versioning features, a
feature store allows ML teams to pick and choose what to consume, thereby enhancing the scalability and
flexibility of the initiative.

6.2. Customer Data Platforms and Identity Resolution
Customer Data Platforms NoSQL databases capturing currently supported identity resolution methods,
Identity Graph storage, consent management, and data fusion across touchpoints.

A Customer Data Platform with an accompanying Identity Graph can help resolve a person’s
experience with a brand across their multiple identities. Each identity may be associated with a different
CPN that is unknown to the brand. These identities include Retail Websites (Guest Checkout), Customer
Mobile Apps, Point of Sale Scanners, Call Centre Systems, Email Campaigns, Advertisements, and online
purchases. Data Fusion of constituents associated with the same person can be done at different levels of
accuracy depending on the method being used to maintain the Customer Data Platform. Machine Learning
can be utilized to infer personally identifying information missing from some of the identities. Different
Identity Resolution methods offer different trade-offs in cost, time, speed, resource usage, privacy and data
quality.

Consent Management or user approval becomes vital when the Identity Resolution methods involve
a Data Fusion across Data Subjects (e.g. merging online and offline data of customers) or when fused
identity information presents sensitive data like CPN. Consent can also help organizations to fulfil other
legal obligations regarding protection and fair use of personal data.

7. Conclusion

The preceding sections have illustrated the key components and principles of intelligent data platforms in
scalable personalized retail analytics, supplemented with mappings of personalization paradigms and
customer-centric outcomes, privacy-critical data requirements, behavioral trafficking circuits, and
supporting data quality and experimentation pillars. The discussed paradigms serve promotional strategies
targeted toward individual customers, customer groups, and potential customers. The conditions for
sustainable and responsible adoption of personalization in retail and the capabilities facilitating its
fortification and compliance have also been considered. The integration of intelligent data platforms with
a broad array of personalization solutions enables both product-centric and customer-centric retail
enterprises to harness customized customer experiences for revenue expansion, customer acquisition and
retention, and Discord growth vector acceleration via up-selling and cross-selling.
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Supporting Data Quality & Governance
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Fig 7: Supporting Data Quality & Governance

Enterprises should seek to establish intelligent data platforms that provide a comprehensive range of
personalization capabilities and required technologies, services, and processes. Private-sector investments
should be clustered to drive the ongoing development and improvement of stand-alone components
consolidatable for enterprise-wide deployments, thereby laying the foundations for open-source enterprise
standards. The convergence of such private-sector investment clusters should furnish stimulus for the
emergence of intelligent data platforms that visually encapsulate, reify, and externalize personalization
capabilities for customer data aggregation, analysis, and lifecycle support.

7.1. Final Thoughts and Future Directions

Intelligent data platforms unlock complexity and exploit rich information from a diverse set of sources.
They offer an assembly line for retail personalization, supported by a range of capabilities. Data ingestion
and integration; modeling and semantics; analytics support for segmentation, triggering, and
personalization strategies; data quality and governance; as well as A/B testing and causal inference drive
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the notion of personalized analytics at scale. The learned concepts and solutions inform capital investment
and have potential ramifications for intelligent data platforms in other domains.

Intelligent data platforms are critical for enabling retail personalization at scale. They provide the
glue to assemble machine learning models and business logic into consumer-facing experiences.
Capabilities such as feature and model management; monitoring and governance; and customer data
management, including identity resolution and consent enable model deployment, monitoring, and
compliance. Scalable implementation is grounded on technological principles. Microservice-based
componentization eases the adoption of new techniques, languages, and libraries, while cloud-native design
offloads infrastructure requirements to cloud vendors. Modularity streamlines platform evolution, and well-
defined connector APIs ensure seamless integration. Interoperability enables data and model sharing across
enterprise boundaries, and augmented support for information security fosters wider adoption and
acceptance of data-sharing initiatives.
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