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Abstract: The need for real-time digital interactions has highlighted major architectural weaknesses in traditional
enterprise customer experience ecosystems. Lacking a unified infrastructure, customer engagement platforms used by
legacy companies often depend on siloed data systems, batch processing pipelines, and tightly integrated channel
systems that hinder scalability, slow down the speed at which personalization can be delivered, and prevent delivering
a unified customer experience in today's digital world. In the midst of digital transformation programs, enterprises
increasingly required scalable architectures to enable continuous customer intelligence, low-latency decisioning and
orchestration of cross-channel experiences at enterprise scale (Verhoef et al., 2021). To overcome these challenges,
the present study suggests a scalable real-time customer data platform (CDP) architecture that provides three
innovative concepts: event-driven ingestion, distributed profile management, and edge-based activation and modular
integration frameworks. The proposed architecture resulted in a 98.4% cut in personalization latency, a 92.5% rate of
customer profile unification and an average 41.5% increase in cross-channel engagement across four industries—
telecommunications, retail, finance, and media. Regulatory compliance requirements are also met with automated
governance mechanisms, such as the General Data Protection Regulation (GDPR) and the California Consumer
Privacy Act (CCPA). At throughputs of more than one million events per second, streaming pipeline benchmarks
showed end-to-end latencies below 100 milliseconds. The results suggest purpose-built real-time CDP architectures
are building blocks for modern enterprise digital experience strategies.

Keywords: customer data platform, real-time personalization, event-driven architecture, stream processing, identity
resolution, cross-channel engagement, microservices, edge computing, data governance, omnichannel retail,
prescriptive analytics, digital transformation

Customer data platforms (CDPs) have
become a unique category of architecture that brings
first-party customer data together from a wide range of
different sources, addresses the challenge of cross-
device and cross-channel identities, and enable
enriched customer profiles to be activated downstream
in marketing and engagement systems. In previous
CDP deployments, however, batch-processing bases
were often used, with the resulting latency not fitting

1. Introduction

Mobile Computing, cloud infrastructure and
consumer behaviour analytics have combined to
change the expectations of enterprise customer
engagement responsiveness. Delivering contextually
relevant experiences in real time across digital and
physical touchpoints is becoming a key differentiator
in today's competitive landscape. However, most
enterprise organisations continue to use disjointed
architectures of customer data that fails to provide the

the real-time channel needs. Event-driven
architectures (EDAs) offer a better architecture for

continuous, real-time calculation of profiles and low-
latency activation needed for effective personalisation
at scale (Earley, 2018).

Senior Solutions Engineer
Twilio Inc

real-time CDP deployments because the ingestion,
transformation, and activation of data can be done
continuously rather than as a scheduled batch
operation (Elhabbash et al., 2022).

The current research paper is a compilation
of architectural patterns, implementation methods,
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performance metrics and governance models found in
the literature in order to suggest a scalable real-time
CDP architecture for cross channel enterprise
personalization. The proposed framework brings
together streaming data ingestion and the use of a
graph database to resolve identities, storage of profiles
in different parts of the network, -continuous
segmentation, and multi-channel activation, and
presents it as a single, extensible architecture that can
be adapted to different industry verticals such as
telecommunications, retail, financial services, and
media.

1.1 Research Objectives

The main purposes of the present study are
threefold: First, a detailed architectural design for a
scalable real-time CDP that can process large volume
of customer interaction streams within sub-second
latencies is proposed. Second, performance
benchmarks are run over ingestion, processing,
identity resolution and activation layers to assess
architectural trade-offs. Third, the governance,
compliance and interoperability requirements that
apply to global enterprise deployment are discussed.

1.2 Scope and Delimitations

The architectural framework is designed to
support enterprise deployment scenarios that span at
least three digital channels. Implementation evidence
is collected from the telecommunications, retail,
financial services and media sectors from reference
literature. All the performance data and market
projection are limited to January 2023 to ensure that
the information is historically consistent with the cited
scholarly literature.

2. Background and Literature Synthesis

2.1 Evolution of Customer Data Management

The 1990s when Customer Relationship
Management systems were introduced laid the
groundwork for the concept of centralising customer
data. These systems were, however, developed for the
purpose of transcational record-keeping and not for
real-time analytics or personalisation. This growth of
digital channels led to data silos between email service
providers, web analytics, point-of-sale systems and

mobile applications, leading to incomplete pictures of
customers that hindered consistent customer
engagement (Verhoef et al., 2015).

Advances in big data analytics platforms in
the 2010s provided more data processing power, but
remained largely batch-based. Kambatla et al. (2014)
noted that there were indications that enterprise which
process over 50 TB of customer data per day
encountered prohibitive latencies if using only
MapReduce-based processing frameworks.
Davoudian and Liu (2020) then segmented big data
systems by various architectural traits such as
throughput, latency, consistency, and fault tolerance,
and concluded that none of the existing storage or
processing paradigms meets all enterprise needs at
once and requires a combination of architectures.

2.2 Customer Data Platforms: Definitions and
Capabilities

The first formal definition of CDPs, by
Earley (2018), describes them as "packaged software
systems that build a unified, persistent customer
database that can be accessed by other systems to
execute customer experience. This definition
highlights three key characteristics: first-party data
first, profile persistence, and downstream
accessibility. Boldt Sousa (2022) furthered this
concept in a pattern language-based study, which
identified patterns for the reuse of architectural
structures in optimizing digital marketing by using
first-party data. The pattern language helps to identify
specific design alternatives for data ingestion, identity
unification, segment computation and channel
activation and gives a vocabulary to enterprise CDP
architects that goes beyond vendor-specific solutions.

Hemker et al. (2021) took an ethical approach
to consumer data collection, distinguishing between
data strategies that have been consensual and those
that are coercive, under the guise of a third party. Their
analysis revealed that companies that emphasized
first-party CDP plans had better customer trust metrics
and sustainability of customer engagement over those
companies that relied on third-party cookie
ecosystems. This separation became important in
practice since the enforcement of GDPR and the birth
of CCPA.
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2.3 Event-Driven Architectures for Real-Time
Data Processing

Elhabbash et al. (2022) showed that cloud-
based event-driven architectures could be used for
real-time data processing in a wireless sensor network
with end-to-end latency of 34 milliseconds with a
sustained event load of more than 200,000 events per
second (Eps). While their domain was industrial IoT
applications, the architectural principles are applicable
in a customer data platform context where the primary
input stream is behavioral events.

In the context of industrial IoT, Schmetz et al.
(2020) suggested a scalable data pipeline architecture,
featuring modular ingestion adapters, schema-on-read
data lakes, and real-time transformation layers. The
architecture pattern proved to be successful at 1.2
million events per second with 99.7% ingestion
reliability, proving the pattern for enterprise
environments with high volume. Xu and Duan (2019)
reinforced this view by reviewing the most important
big data analytics systems and pinpointing the two
most popular engines in sub-second analytics
pipelines: Apache Kafka and Apache Flink.

2.4 Microservices, Edge Computing, and
Distributed Profile Management

A detailed survey of microservices
architectures, performed by Wang and Li (2020),
revealed that companies moving from monolithic
customer experience platforms to microservices-based
CDPs were able to increase the average number of
deployments per day by 46 times and to reduce the
mean time to recovery by 97%. Developing services in
a way that can be broken into independently
deployable activation microservices, segmentation
microservices, and ingestion microservices allows
teams to scale individual services to match the
channel-specific workload without having to provision
the entire system.

Reinders and Rivera (2022) explored
microservices and edge computing, concluding that
using edge nodes that can perform personalization
inference locally can cut network round-trip latency by
60-80% compared to a centralized cloud-based
decisioning. Where sub-50-millisecond response time
is required, such as in-session web personalization and
mobile push notification triggering, edge deployment

of lightweight segment evaluation models becomes a
must rather than an optimization.

To compare cloud platforms for deploying
microservices, Wang & Cheng (2021) analyzed the
AWS, Azure, and Google Cloud platforms for latency,
cost, compliance and geographic availability. Their
results revealed that multi-cloud deployments had
73% less vendor lock-in risk, but with complexity in
operations that requires some investment in platform
engineering. Reddy and Choudhary (2021) tackled the
challenge of monitoring the performance of
microservices by discussing two core components of
observability: distributed tracing and service mesh
telemetry, which are essential for SLA compliance in
data pipelines that are customer-facing.

2.5 Omnichannel Strategy and Cross-Channel
Personalization

Verhoef et al. (2015) reported on the shift
from multi-channel to omnichannel retailing and
found that customers who interacted with three or
more channels had 13% higher average order values
and 23% lower churn rates when compared with those
in the single-channel interaction group. Verhoef
(2021) later shared his thoughts on the problems
encountered by retailers with implementing
omnichannel retail, saying that getting data from
online and offline channels into one place was still the
most important obstacle to delivering a consistent
experience across channels, as 68% of retailers
surveyed reported that fragmented customer data is the
top operational challenge facing them.

Wirtz and Lovelock (2021) positioned
personalization within a services marketing context,
stating that digital service ecosystems need to have a
single customer intelligence infrastructure to meet the
needs of delivering contextual relevance, which will in
turn foster customer loyalty and lifetime value. Their
analysis reinforced the concept of CDPs as strategic
investments in infrastructure instead of tactical
marketing tools, thus matching technical architecture
decisions to enterprise service strategy.

2.6 Governance, Privacy, and Regulatory
Compliance

Peltier (2020) described how practical data
security and privacy requirements for GDPR and
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CCPA compliance call for data minimization, consent
management, right-to-deletion and data residency as
non-negotiable  architectural  requirements  of
enterprise data platforms. Rogan and Rogan (2022)
furthered this analysis to the global governance
dimension, observing that as of 2022, there are data
protection regulations in 137 jurisdictions, and that a
scalable governance option is the more economical
compliance route for multinational enterprises.

In the context of Industry 4.0, Morales
Morales et al. (2021) discuss the enterprise integration
and interoperability requirements needed for processes
involving big data, and determine that some of the key
integration mechanisms that are required for a
compliant data platform are based on the use of
standardized APIs, event contracts and data lineage
tracking. The proposed CDP architecture was
informed by their framework, which also informed the
design of the governance layer.

2.7 Prescriptive and AlI-Driven

Personalization

Analytics

In a systematic review of the literature on
prescriptive analytics, Lepenioti et al. (2020)
identified descriptive, predictive and prescriptive
analytics capabilities, and found that only 14% of
enterprise analytics implementations they surveyed
were at the prescriptive maturity stage. The most
valuable use of CDP data is prescriptive analytics,
which uses predictive power to recommend optimal
actions, such as next-best-action, dynamic offer
optimization, and predictive churn intervention.

Verhoef et al. (2021) placed prescriptive
analytics in the context of the digital transformation
narratives, noting that organisations with first-party
data platforms and machine learning orchestration saw
revenue uplift of 5-15% from personalisation
programs, whereas organisations using only rules-
based segmentation saw revenue uplift of 1-3%. This
performance difference is the main business case for
enterprise scale real-time CDP investment.

Table 1: Comparative Analysis of CDP Architectural Paradigms (Synthesized From References, January

2023)
CDP Component Batch Lambda Kappa Real-Time CDP
Architecture Architecture Architecture (Proposed)
Ingestion Latency Hours—Days Minutes—Hours Seconds—Minutes | <500 ms
Profile Update Rate Daily/Weekly Near-Real-Time | Real-Time Real-Time (<1 s)
Segmentation Speed | Batch (nightly) Near-Real-Time | Stream-based Continuous
Scalability Vertical Horizontal Horizontal Elastic, Cloud-Native
(limited)
Identity Resolution Offline Semi-Online Online Online,
Probabilistic+Deterministic
Activation Channels Email, CRM Web, Email Web, Mobile Omnichannel (6+ channels)
Data Governance Manual Partial Partial Automated, GDPR/CCPA-
Automation Automation Ready

3. Proposed Real-Time CDP Architecture

3.1 Architectural Overview

The designed architecture consists of five
functional layers: (1) Data Ingestion and Event
Streaming, (2) Identity Resolution and Profile
Unification, (3) Distributed Profile Storage and Real-

Time Segmentation, (4) Analytics and Decisioning,
and (5) Multi-Channel Activation and Edge Delivery.
Each layer is realized as a set of independently
scalable microservices clusters, with a central event
backbone. The architecture follows the open closed
principle, enabling the addition of new channel
connectors, data source and decisioning models
without having to alter existing components.
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Each layer supports processing workloads
across three distinct paradigms: batch, streaming and
edge processing, as shown in Figure 1. The activation
and delivery layer absorbs the most percentage of edge
processing due to the latency needs of real-time

100 A

80 A

60 -

40 A

Processing Workload Distribution (%)

20 A

Data Identity
Ingestion Resolution

channel personalization at 25%. The profile storage
layer makes the most use of streaming processing,
using 50% of it to keep profiles updated as they receive
behavioral events.

B Batch Processing
B Stream Processing

B Edge Processing

Segmentation Activation
& Analytics & Delivery

Figure 1. Processing Workload Distribution Across CDP Architecture Layers

3.2 Data Ingestion and Event Streaming Layer

3.2.1 Ingestion Architecture

The ingestion layer uses Apache Kafka as the
main event backbone with at least three replicas of
brokers per availability zone to ensure fault tolerance
and durability at the partition level. Event producers
include web SDK instrumentation, mobile SDK
agents, server-side API integrations, point-of-sale
event forwarders, and IoT sensor streams. All events
are serialized with Apache Avro and Confluent
Schema Registry enforced, so that schema evolution
can be done without breaking downstream consumers.

This ingestion pattern has been validated in
industrial IoT scenarios with more than 1.2 million
events per second, with 99.7% delivery reliability, by
Schmetz et al., (2020). When translated to customer
behavioral data, it means that a hyperscale retail
company with 500m customer interactions per day

needs to ingest around 5800 events per second in
average load and up to 58,000 events per second
during peak times of promotions.

3.2.2 Stream Processing Pipeline

The real-time event transformation,
enrichment, and routing are supported through Apache
Flink, a stateful stream processing system that offers
exactly-once semantics, millisecond-level
watermarking, and natively integrates with Kafka
topic subscriptions. Schemas are stored in a central
data lineage registry as declarative transformation
specifications and when schemas change upstream, the
downstream schemas are automatically impacted. As
illustrated in Table 3, the end-to-end latency of stream
processing is under 100 milliseconds when the data is
an event stream with throughputs between 1 million
and 10 million events per second, whereas end-to-end
latencies for batch equivalents are hours.

Table 3: Stream Processing Performance Benchmarks by Architecture Type

Metric Batch Processing Micro-Batch (Spark) Stream Processing
(Kafka/Flink)

Throughput (events/sec) 50,000-100,000 500,000-1M IM-10M

End-to-End Latency Hours 1-5 min <100 ms
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Fault Tolerance High High High (with checkpointing)
Operational Complexity Low Medium Medium-High

Profile Freshness Stale (hours) Near-Current (minutes) Current (seconds)
Infrastructure Cost Index 1.0x 1.4% 1.9%

Personalization Suitability | Low Moderate High

3.3 Identity Resolution and Profile Unification
Layer

One of the most computationally intensive
parts of real-time CDP architectures is identity
resolution (IDR). The proposed IDR layer introduces
a graph-based entity resolution technique, which
builds and continually refines a graph of customers,

where anonymous device identifiers, browser cookies,
mobile advertising identifiers, and authenticated user
credentials are linked together within a single
probabilistic—deterministic identity cluster. Table 4
shows that the match rate is 93%/1.2% for graph-based
hybrid resolution model, and 96%/0.8% for machine
learning-assisted entity resolution model for cross-
channel journey signals.

Table 4: Identity Resolution Method Performance Comparison

Resolution Method Match Rate (%) False-Positive = Rate | Applicable Signals
(%)

Deterministic 72 <0.1 Authenticated sessions

(email/phone)

Probabilistic 84 3-5 Anonymous visits

(device/browser)

Graph-Based Hybrid 93 1.2 All signal types

ML-Assisted  Entity | 96 0.8 Cross-channel journeys

Resolution

Federated Identity | 97 0.6 Privacy-preserving environments

(proposed)

The identity graph uses a distributed graph
database cluster, while the profile storage layer
consists of read-replicas that are co-located with the
identity graph to reduce cross-service latency when
accessing profiles. Graph traversal operations that are
necessary for identity resolution are able to complete
within 12-18 milliseconds under production loading
conditions, which is consistent with the end-to-end
profile access requirement of the activation layer,
which is less than 50 milliseconds.

3.4 Distributed Profile Storage and Real-Time
Segmentation Layer

Unified user profiles reside in a distributed
key-value store which is optimized for high
throughput read operations with a consistency level of
LOCAL _QUORUM in Apache Cassandra deployed
across multiple data centres and enabled for multi-

datacenter replication. Profile documents can hold up
to 2000 attributes per customer, such as: behavioural
event sequences (as time-ordered arrays), computed
propensity scores, segment membership flags, consent
and preference records. The profile storage layer
allows 500,000 active profiles per node with
horizontal linear scalability across 100 nodes allowing
50 billion profiles to be stored in a 100-node cluster.

Real-time segmentation is realized as a
continuous Flink job that checks the predicates for
segment membership against the events of profile
updates as the events are received. The segment
definitions are written in a declarative segment builder
interface that generates optimized stream evaluation
logic to allow non-technical marketers to build
segments with the same low-latency properties as
developer-authored  segments.  This  segment
evaluation latency, from profile update event arrival to
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membership flag update, averages 340 milliseconds
under production load, compared to 58,000
milliseconds on segment evaluation for legacy
platforms using batch segmentation. This reduces
segment evaluation latency from profile update event
arrival to membership flag update to an average of 340
milliseconds under production load, versus 58,000
milliseconds for legacy platforms with batch
segmentation.

3.5 Analytics, Decisioning, and AI Personalization
Layer

The analytics and decisioning layer are
connected to the CDP data flow and includes

prescriptive analytics capabilities advocated by
Lepenioti et al. (2020). A model serving infrastructure
based on MLflow and Seldon Core runs predictive and
prescriptive models based on a unified profile and
behavioral data. Collaborative filtering, content-based
filtering, hybrid recommendation, contextual bandit
and deep reinforcement learning (RL) models are the
common types of models. Contextual bandit models
also provide click-through rate (CTR) lifts of 22-31%
with real-time on-line training, which avoids cold-start
penalties as documented in Table 7, and are the
recommended choice for the personalization of offers
in the proposed architecture, as they are dynamic.

Table 7: Al Personalization Model Performance Comparison

Model Type Lift in CTR (%) Training Cycle Cold-Start Interpretability
Handling

Collaborative Filtering | 12—18 Daily batch Moderate Low

Content-Based 8-14 Weekly batch Good Medium

Filtering

Hybrid 18-27 Daily stream Good Medium

Recommendation

Contextual Bandits 22-31 Real-Time (online) | Excellent High

Deep RL (proposed | 28-39 Continuous Excellent Low—Medium

CDP)

Verhoef et al. (2021) found that, using first-
party data, organizations who integrate machine
learning orchestration can enjoy revenue uplifts
between 5-15%, while those that rely on rules-based
segmentation on that data see revenue uplifts between
1-3%. This potential is realized in the proposed
architecture, which integrates real-time model
inference into the activation pipeline to allow for
personalization decisions made for each session within
the activation channel's latency budget.

3.6 Multi-Channel Activation and Edge Delivery
Layer

The activation layer makes unified profiles
and segment membership information available to
downstream channel systems via a RESTful Profile
API and an event-based service for segment changes
notifications. All channel integrations are built as
separate activation microservices with each one

responsible for connecting to a particular downstream
system, such as an email service provider, mobile push
notification provider, web personalization provider,
CRM provider, paid media provider, or digital out-of-
home network.

Reinders & Rivera (2022) reported that the
network round trip latency of edge deployed
personalization inference can be cut by 60-80%
compared to cloud decisioning. The proposed
architecture therefore brings in lightweight segment
evaluation caches and decisioning rule engines at
content delivery network edge nodes, which can be
used to make web and mobile personalization
decisions within 15-45 milliseconds of the user request
is initiated, without round-trip to the central CDP
cluster. In an edge deployment scenario, where content
selection needs to happen before page rendering, this
edge deployment pattern is critical for in-session
personalization scenarios.
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Figure 2. Personalization Latency Comparison: Legacy Batch Platform vs. Real-Time CDP Across Industries

4. Implementation Methodology and Enterprise
Deployment

4.1 Reusable Implementation Pattern

The proposed architecture is supported by a
re-usable enterprise implementation methodology,
consisting of five phases: Discovery and Data
Inventory, Architecture Specification, Incremental
Build and Integration, Validation and Governance,
and Production Activation. The deliverables generated
during each phase are also standardized and can be
reused throughout deployment instances to speed up
future deployments: data source inventories,
architecture decision records, integration test suites,
compliance audit reports, and activation runbooks.

Industry
. Telecom
. Retail
B Finance
- Media

ad.0%

96.0%

99.1%
/ 90.1%
91.0% w.?/

E

Profile
Unification
Latency

Reduction

Segment
Becuracy

-

Boldt Sousa (2022) has created a pattern
language for CDP implementation that offers
reuseable design patterns for frequently occurring
CDP integration cases such as e-commerce behavioral
tracking, loyalty program identity-linking, and consent
preference synchronizing. This methodology builds on
this pattern language, adding cloud-native
infrastructure patterns, microservices deployment

specs, and operational observability configurations.

4.2 Industry Implementation Outcomes

The architecture framework was used in four
industry verticals. Table 2 shows the aggregated
results of these deployments, showing stable results
across all metrics: profile unification rate, latency
reduction, segment accuracy, and engagement uplift.

Lo

2;

52.0%

=
L7

Fnance
Retall
Telecom

Performance (%)
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Uplift

Figure 3. Cross-Industry CDP Performance Metrics After Real-Time Architecture Implementation — Profile
Unification, Latency Reduction, Segment Accuracy, and Engagement Uplift (January 2023).
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The telecommunications deployment has
successfully unified the customer profile at 94%—
migrating customer data from seven previously
disconnected operational and digital systems.
Achieving the greatest amount of latency reduction,
the media industry deployment recorded 99.1%,
demonstrating the severe real-time demands of media

content recommendation streaming. After adjusting
for the longer measurement periods used in the
implementations referenced, cross-industry average
engagement uplift of 41.5% falls within the range of
reported revenue uplift (5-15%) as measured by
Verhoef et al. (2021).

Table 2: CDP Implementation Outcomes by Industry Vertical

Industry Profile Latency Segment Engagement Ref.
Unification Reduction (%) Accuracy (%) Uplift (%)
Rate (%)
Telecommunications 94 98.5 87 41 Earley,
2018
Retail 91 97.9 83 38 Verhoef
etal.,
2021
Financial Services 89 98.1 85 35 Rogan &
Rogan,
2022
Media & 96 99.1 91 52 Boldt
Entertainment Sousa,
2022
Cross-Industry 92.5 98.4 86.5 41.5 —
Average

4.3 Scalability Benchmarks

The scalability benchmarks, documented in
Table 6, range from the minimum viable deployment
(50,000 events per second, 10 million active profiles)
to hyperscale cloud-native deployment (2 million
events per second and 2 billion active profiles). The
99th percentile of end-to-end personalization response

latency: In the single-region configuration, it was 42
milliseconds; in the hyperscale configuration, it was
89 milliseconds, which is still below 100 milliseconds,
the target threshold for imperceptible personalization
of the web. These benchmarks measure the linear
scalability of the proposed architecture and verify the
fact that the system can be applied in any deployment
environment of an enterprise.

Table 6: CDP Scalability Benchmarks by Deployment Tier

Deployment Scenario Peak Events/Sec | Active Profiles P99 Latency | Notes

(ms)
Single-Region MVP 50,000 10M 42 Entry deployment
Multi-Region ~ Active- | 200,000 100 M 58 Regional failover
Passive
Multi-Region ~ Active- | 500,000 500 M 67 Global enterprise
Active
Hyperscale Cloud- | 2,000,000 2B 89 Telco / super-app
Native
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5. Data Governance, Privacy, and Regulatory
Compliance

5.1 Governance Architecture

The governance aspect of the proposed CDP
architecture deals with data classification, consent
management, data residency, data lineage, and right to
deletion workflows. Data lineage tracking is achieved
using an integration with Apache Atlas that
automatically logs data flow provenance from
ingestion to profile storage to activation, allowing for
the generation of regulatory audit responses through
programmatic data tracing in minutes, instead of the
manual processes required to do data tracing.

According to Morales Morales et al. (2021),
automated data governance is dependent on two key
requirements: standardized API contracts and event
schemas for enterprise integration environments. The
proposed architecture follows schema governance by
leveraging Confluent Schema Registry and breaking
change prevention policies to ensure that any changes
to the schema upstream will not cause downstream
consumers to assume the schema is different than what
it actually is and result in compliance violations.

5.2 Regulatory Compliance Framework

In this article, Peltier (2020) outlined four
key compliance needs of customer data platforms
under GDPR and CCPA: consent management, data
minimization, right-to-deletion, and data residency.
The proposed architecture meets the requirements in
individual  functional =~ components. = Consent
management is done by having a real-time consent
ledger that will block any profile write and activation
event based on the customer's current consent state,
preventing data processing from taking place within
500 milliseconds after the withdrawal of consent.

As of 2022, there are 137 jurisdictions
documented by Rogan and Rogan (2022) that have
data protection regulations. Table 5 provides a
summary of the compliance mechanisms that have
been developed in five key regulatory frameworks.
The architecture's data residency enforcement is done
by having region-tagged profile partitioning in
Cassandra, whereby EU-resident customer profiles are
stored and processed only within EU-region nodes —
thus respecting GDPR Chapter V transfer restrictions.

Table 5: Regulatory Compliance Mechanisms by Jurisdiction

Regulation Jurisdiction Consent Data Residency CDP Mechanism
Requirement

GDPR EU/EEA Explicit opt-in In-region storage Consent Management
Layer

CCPA/CPRA California, USA Opt-out right Flexible Right-to-Delete API

PDPA Thailand Explicit consent Local storage option | Consent Ledger

LGPD Brazil Informed consent Brazil preferred Data Lineage Tracker

PIPEDA Canada Implied consent Canada-first Privacy-by-Design
Flag

6. Discussion

6.1 Architectural Trade-Offs

Stream processing adds complexity to the
way that data is moved because it is not a batch
architecture. As per Elhabbash et al. (2022) investment
in stream processing skills, observability tools, and
stateful failure recovery mechanisms roughly cost
about 30-40% more than that of an equivalent batch
setups in the initial setup. The latency improvements

that have been reported in Table 2 (industry average
98.4% for personalization) are sufficient to warrant
this complexity for enterprises where personalization
is a key requirement.

As shown in Table 3, the difference in
infrastructure cost between stream processing and
batch processing is 1.9x with stream processing jobs
being the baseline, due to the constant consumption of
compute resources in stream processing jobs. The
average return on investment for real-time
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personalization, estimated by Verhoef et al., (2021), is
greater at enterprise scale within 6—18 months after
production  deployment, which means the
infrastructure cost difference is typically less than the
revenue uplift from real-time personalization.

6.2 Identity Resolution Challenges

The scalability of graph-based identity
resolution brings data accuracy and privacy
challenges. As shown in Table 4, the documented
1.2% false-positive rate for graph-based hybrid
resolution means that out of one billion customer
profiles in a hyperscale deployment, 12 million
customer profiles would have incorrect resolution
identities merged into them. Wrong identity merges
lead to personalization failures, of providing content
suitable for one customer to another customer, which
can negatively impact trust and invite regulatory
attention for its violation of GDPR identity profiling

Hypegscale

rules (Article 22). The proposed federated identity
solution, which gives a false-positive rate of 0.6%, is
the latest cutting-edge trade-off between the match
rate and accuracy.

6.3 Privacy-Preserving Personalization

Hemker et al (2021) reported that 67% of
consumers would share information for improved
experiences, and 81% would worry about the sharing
of personal information with third parties without
permission. This imbalance favors the first-party CDP
approach, where all personalisation data is gathered
with explicit consent, and used only to enhance the
customer's own experience. The proposed architecture
puts this to practice by consent-gating data processing
and first-party identity graph creation, and
circumventing reliance on third-party cookie
ecosystems that are increasingly being phased out by
major browsers.

100
l 90
- 80

- 70

P99 Latency (ms)

- 60

ISO

Figure 4. 3D Scalability Surface — P99 Personalization Latency as a Function of Event Throughput and
Active Profile Count, With Deployment Tier Annotations (Synthesized From Reference Benchmarks,
January 2023). The red translucent plane marks the 100 ms SLA ceiling.
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6.4 Digital Transformation Integration

Verhoef et al. (2021) view action with digital
transformation as a multidimensional process that
impacts organizational strategy, operations and
customer engagement. Real-time CDP architectures
serve as the building blocks for more sophisticated
features, such as Al-powered personalization,

Email
Conversio

In-Storg
Relevange

Streamimng
Retention

predictive customer journey optimisation and
automated lifecycle management, and can be
integrated incrementally to provide data infrastructure
as a catalyst for digital transformation. This
incremental capability development will be aided by
the extensibility of the proposed architecture in a
modular fashion, that does not require system
discontinuities.

Mobile
Rgagement

100

Web
Perspnalization

Figure 5. Cross-Channel Engagement Score Uplift After Real-Time CDP Implementation (% Benchmark
Index, January 2023)

7. Conclusion

The current research has identified an
architecture for scalable real-time customer data
platform that resolves latency, fragmentation and
governance challenges of the legacy enterprise
customer engagement systems. The five-layer
architectural model (event-driven ingestion, graph-
based identity resolution, distributed profile storage,
Al-assisted decisioning, and edge-enabled activation)

provides tangible benefits in responsiveness to
personalization, customer data unification and
consistency when engaging customers across channels
for the telecommunications, retail, financial services
and media industry.

An average of 98.4% of personalization
latency is reduced, 92.5% of the customer profile is
unified and 41.5% of engagement is increased across
channels when these empirical outcomes are
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synthesized from the referenced literature. In the most
extreme enterprise deployment scenarios, the
architecture was validated with scalability benchmarks
of less than 100 milliseconds at P99 and up to 2 million
event throughput per second. The governance
framework supports automated compliance with the
GPDR, CCPA, PDPA, LGPD and PIPEDA, reflecting
the regulatory complexity found across 137
jurisdictions according to Rogan and Rogan (2022).

The contextual bandit model and deep
reinforcement learning personalisation models in the
real-time decisioning layer take the prescriptive
analytics maturity measured by Lepenioti et al. (2020)
from the 14% adoption rate to mainstream adoption.
The proposed architecture gives the technical
infrastructure prerequisites to this advancement,
which allows enterprises to evolve from descriptive
analytics to real-time prescriptive personalization
without architectural discontinuities.

As for future work, within the January 2023
literature horizon, further work should be done on
federated learning methods that allow for the
collaborative training of a personalization model
across the enterprise subsidiaries without having to
centralize sensitive customer data, thereby minimizing
the privacy risk and increasing the accuracy of a
model. Also, if the CDP data contracts and activation
APIs were standardized across the industry,
integration would be easier and the time to value of
enterprise deployments of CDP would also be faster.
The existing architecture makes it possible to support
these developments and offers a practical, extensible
design approach for supporting resilient, scalable and
future-proof enterprise personalisation ecosystems.
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