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The contemporary business landscape is characterized by complex, non-linear customer journeys across a multitude of 
online and offline channels. Traditional, retrospective approaches to customer journey analysis are inherently limited 
in capturing the dynamism, fluidity, and real-time shifts in consumer behavior, leading to missed opportunities for 
personalized engagement and proactive intervention. This study addresses this critical gap by proposing and 
conceptually validating a novel Real-Time Customer Journey Modeling Framework designed to understand, predict, 
and optimize customer interactions across multichannel platforms instantaneously. 
Adopting a Design Science Research (DSR) methodology, the research involved the iterative conceptualization, 
design, and demonstration of a multi-layered analytical artifact. The framework's architecture comprises four integrated 
components: (1) a Dynamic Data Ingestion Layer for seamless, low-latency capture of heterogeneous event streams 
from diverse touchpoints; (2) an Intelligent Real-Time Feature Engineering and Profile Enrichment Layer that 
transforms raw data into actionable features and dynamically updates a unified customer profile; (3) a Predictive and 
Prescriptive Analytics Engine utilizing advanced machine learning (e.g., LSTMs, Transformers) for real-time journey 
state recognition and intent prediction, alongside reinforcement learning for optimal next-best action 
recommendations; and (4) a Seamless Action Orchestration and Feedback Loop for automated, cross-channel 
intervention triggering and continuous model optimization. 
Conceptual demonstrations through simulated scenarios provided strong evidence for the framework's capabilities, 
showcasing its real-time responsiveness (e.g., sub-second latency in triggering personalized actions) and its ability to 
maintain a unified, continuously evolving view of the customer journey. Evaluation of the artifact's design confirmed 
its technical feasibility, highlighting its scalability, robustness, and integration capabilities based on established big 
data and machine learning technologies. Furthermore, the framework's inherent design strongly suggests significant 
business utility, promising enhanced customer experience through proactive and personalized interactions, optimized 
marketing effectiveness through precise interventions, improved operational efficiency, and a sustained competitive 
advantage in the digital marketplace. 
This research contributes theoretically to customer journey theory, digital transformation, and adaptive marketing by 
offering a concrete framework for real-time, prescriptive customer engagement. Practically, it provides a crucial 
blueprint for businesses to strategically invest in infrastructure and analytics, enabling them to truly master the 
complexities of multichannel customer interactions in the fast-paced digital era. 
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Introduction 

The contemporary commercial landscape is unequivocally defined by digital omnipresence and hyper-

connectivity, fundamentally reshaping how businesses interact with their customers. In an era where 

consumers are empowered by an unprecedented array of choices and information, their engagement with 

brands is no longer confined to a single, predictable path (Lemon & Verhoef, 2016). Instead, customers today 

navigate an intricate, dynamic, and often fragmented ecosystem of touchpoints, seamlessly transitioning 

between diverse online and offline channels. These encompass established avenues such as websites, mobile 

applications, social media platforms, email, and traditional call centers, alongside emerging frontiers like in-

store digital kiosks, voice assistants, augmented reality (AR) experiences, and nascent virtual reality (VR) 

environments (Deloitte, 2024; Gartner, 2025). This intricate, non-linear progression of interactions 

constitutes the customer journey, a concept that has evolved dramatically from a simple, sequential 

progression to a convoluted, often circular, and highly personalized experience unique to each individual 

(Baxendale et al., 2015; Verhoef et al., 2017). For any business striving to maintain a competitive edge, foster 

enduring customer loyalty, and drive sustainable growth in this multifaceted digital age, a profound 

understanding and continuous optimization of this journey is no longer merely advantageous—it has become 

an absolute, critical imperative. 

Historically, businesses have largely relied on retrospective analyses and aggregated data to map customer 

journeys. These approaches typically involve analyzing historical sales data, website analytics, CRM records, 

and customer feedback surveys to identify common patterns and bottlenecks in past interactions (Fader & 

Hardie, 2007; Rust et al., 2010). While such backward-looking methodologies have provided valuable 

insights into macro-level trends and overall customer behavior, they are inherently limited in capturing the 

fluidity, spontaneity, and rapid shifts that characterize consumer behavior in modern multichannel platforms. 

The sheer volume, velocity, and variety of data generated across these numerous and disparate touchpoints—

from a user's click on a social media ad, to their navigation through a mobile app, their interaction with an 

AI chatbot, or their time spent Browse in a physical store—present a formidable analytical challenge 

(Manyika et al., 2011; IBM, 2025). It becomes exceedingly difficult for traditional, batch-processed systems 

to discern real-time signals, identify critical "micro-moments" where customer intent can pivot dramatically, 

and accurately predict the immediate next actions a customer might take. Consequently, businesses frequently 

find themselves in a perpetual state of reaction, responding to customer behavior long after the opportune 

moment for intervention has passed. This reactive stance inevitably leads to suboptimal customer 

experiences, missed opportunities for timely upselling or cross-selling, lost sales conversions due to 

abandonment at critical junctures, and, in the long run, an erosion of brand trust and customer satisfaction. 

The limitations of these traditional, static modeling approaches become acutely pronounced in the context of 

real-time personalization and dynamic customer engagement, which are now fundamental consumer 

expectations. Modern consumers are increasingly sophisticated, anticipating hyper-relevant, contextualized 

interactions that are delivered precisely when and where they are most impactful, regardless of the channel 

they choose to engage with (Accenture, 2024; Salesforce, 2025). Consider a common scenario: a customer 

might begin their journey by researching product specifications on a brand's mobile application during their 

commute. They might then switch to a desktop website at home to compare prices and read detailed reviews. 

A subsequent interaction could involve engaging with an AI-powered chatbot for specific product queries, 

followed by a visit to a physical retail store for a hands-on demonstration. Finally, they might complete the 

purchase via an email link or a targeted social media ad. Each of these transitions, every click, every query, 

every moment of hesitation or engagement, represents a critical data point in their unfolding journey. Yet, 

conventional customer journey models often struggle to integrate these disparate signals cohesively, 

instantly, and intelligently. The absence of a real-time, holistic, and unified view of the customer's unfolding 

journey means that personalization efforts remain rudimentary, often failing to adapt to the customer's 

immediate context, evolving intent, or current emotional state. This results in generic communications, 

irrelevant product recommendations, and disjointed, frustrating experiences that undermine conversion 

efforts and ultimately alienate valuable customers. 
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This pervasive analytical challenge underscores a critical, unaddressed gap in current marketing and customer 

relationship management capabilities: the urgent need for real-time modeling of customer journeys across 

multichannel platforms. Such an advanced analytical capability transcends the limitations of descriptive 

analytics (what happened) and even basic predictive analytics (what might happen). It aims to enable 

prescriptive insights, allowing businesses to understand not just past behavior, but crucially, what is 

happening right now, what is likely to happen next, and, most importantly, what specific intervention (e.g., a 

personalized offer, a proactive customer service prompt, a contextualized message, or a seamless channel 

handover) can optimize the customer's experience and guide them towards a desired outcome (Davenport et 

al., 2012; Google, 2023). Real-time modeling necessitates the continuous, instantaneous ingestion, 

processing, and analysis of vast quantities of heterogeneous data generated from all active customer 

touchpoints. This generates actionable insights that can trigger immediate, personalized responses, adapt 

marketing messages on the fly based on current customer intent, or even proactively re-route customers to 

the most appropriate sales channel or customer service agent (Chen et al., 2012; Oracle, 2024). The realization 

of this capability is made possible by recent breakthroughs in big data technologies, sophisticated machine 

learning algorithms capable of processing streaming data, and highly efficient streaming analytics platforms 

designed to handle massive volumes of information with minimal latency. 

The primary purpose of this article is to propose and comprehensively conceptualize a novel, robust 

framework for the real-time modeling and optimization of customer journeys within complex multichannel 

environments. Our aim is to bridge the existing gap between the theoretical recognition of real-time customer 

journey needs and the practical implementation of scalable, robust, and actionable analytical solutions. 

Specifically, this research will systematically address several key objectives: (1) to delineate the essential 

architectural components and data requirements for constructing an effective real-time customer journey 

modeling system; (2) to identify, evaluate, and integrate advanced machine learning techniques specifically 

suited for processing continuous streaming data, recognizing dynamic patterns, and accurately predicting 

next-best actions in near real-time; (3) to illustrate the practical applicability and demonstrate the potential 

efficacy of such a framework through a detailed conceptual model or a simulated application scenario, 

showcasing its ability to synthesize heterogeneous data streams into coherent journey insights; and (4) to 

extensively discuss the significant implications of real-time customer journey modeling for enhancing 

customer experience, optimizing marketing effectiveness, improving operational efficiency, and fostering 

competitive advantage within the contemporary multichannel landscape. By empowering businesses to react 

with unparalleled agility, precision, and contextual relevance to the constant ebb and flow of customer 

interactions, real-time customer journey modeling holds the transformative promise to unlock unprecedented 

levels of personalization, cultivate deeper and more enduring customer relationships, and ultimately drive 

superior business outcomes in the ever-evolving and increasingly complex digital marketplace. 

2. Literature Review 

The imperative for businesses to understand and manage the customer journey is deeply rooted in 

contemporary marketing and customer relationship management (CRM) theory. This section critically 

reviews the existing literature on customer journeys, multichannel platforms, and real-time analytics, 

identifying the evolution of these concepts and the gaps that necessitate a novel framework for real-time 

customer journey modeling. 

2.1. The Evolution of the Customer Journey Concept 

Initially, the customer journey was conceptualized as a relatively linear, sequential process, often depicted as 

a "funnel" (e.g., AIDA: Awareness, Interest, Desire, Action) (St. Elmo Lewis, 1898). This traditional view 

assumed a predictable progression where customers moved from initial awareness through consideration to 

a final purchase, largely interacting through a limited set of touchpoints, primarily traditional advertising and 

physical retail stores. The focus was predominantly on the pre-purchase phase and the conversion event itself. 
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However, the rapid proliferation of digital technologies, particularly the internet and mobile devices, 

fundamentally disrupted this linear model. The rise of Web 2.0 and its emphasis on user-generated content, 

social media, and interactivity introduced a multitude of new touchpoints, empowering customers with 

greater control over their information gathering and decision-making processes (Kaplan & Haenlein, 2010). 

This led to a more nuanced understanding of the journey as a series of interconnected interactions across 

various channels, often non-linear and iterative (Lemon & Verhoef, 2016). Scholars began to emphasize the 

importance of the entire customer experience, including pre-purchase, purchase, and crucially, post-purchase 

phases, recognizing that loyalty and advocacy are built over time through consistent, positive interactions 

(Verhoef et al., 2017). The shift from a transaction-centric view to a relationship-centric view became 

paramount, highlighting the long-term value of customer lifetime value (CLTV) over single sales (Berger & 

Neslin, 1996). 

More recently, the concept has further evolved to acknowledge the sheer complexity introduced by 

multichannel and omnichannel strategies. Unlike multichannel, which simply means interacting across 

multiple channels, omnichannel implies a seamless, integrated, and consistent experience across all 

touchpoints, where the customer's context and history are maintained regardless of the channel used (Rigby, 

2011; Neslin et al., 2014). This vision of a truly omnichannel journey is challenging to achieve, demanding 

sophisticated backend integration and a unified view of the customer. Furthermore, the advent of emerging 

technologies like IoT, AI-powered conversational interfaces, and immersive AR/VR experiences continues 

to add layers of complexity, creating dynamic "micro-moments" where intent can shift rapidly (Google, 

2015). These moments, often short and spontaneous, require businesses to be present and relevant in real-

time, driving the need for more agile and responsive customer journey management. 

2.2. Multichannel Platforms and Customer Journey Management 

The widespread adoption of digital technologies has enabled businesses to engage with customers across 

numerous multichannel platforms. These platforms range from company-owned assets (e.g., corporate 

websites, dedicated mobile apps, email marketing campaigns) to third-party channels (e.g., social media 

networks, online marketplaces, review sites) and traditional offline touchpoints (e.g., physical stores, call 

centers) (Wang et al., 2015). Effective customer journey management (CJM) in this environment involves 

mapping, analyzing, designing, and optimizing these interactions to deliver a superior customer experience 

(CX) (Richardson, 2010). 

Traditional CJM often relies on several key tools and techniques: 

Customer Journey Mapping: A visual representation of the customer's process of achieving a goal, 

encompassing their actions, thoughts, and feelings across various touchpoints. While insightful, these maps 

are typically static and based on aggregated historical data, representing an "average" journey rather than 

individual, dynamic paths (Lemon & Verhoef, 2016). 

Persona Development: Creating archetypal representations of target customers based on qualitative and 

quantitative data, helping to understand motivations and behaviors. 

Touchpoint Analysis: Evaluating the performance and effectiveness of individual customer touchpoints. 

CRM Systems: Used to store customer data, manage interactions, and track sales processes. While powerful 

for record-keeping, many traditional CRM systems struggle with real-time data ingestion and cross-channel 

integration necessary for dynamic journey orchestration (Payne & Frow, 2005). 

Despite these tools, a significant challenge in multichannel CJM is achieving a unified view of the customer. 

Data often resides in silos across different departments and systems (e.g., marketing automation, sales CRM, 

customer service platforms, website analytics, in-store POS). This fragmentation prevents businesses from 

accurately tracking a customer's journey as they move between channels, leading to disjointed experiences 

and missed opportunities for contextualized engagement (Kumar & Reinartz, 2016). Furthermore, the sheer 



69  Journal of Electronic Commerce Management | Year 2025 | Issue 1 | Spring 
 

volume and velocity of data generated by modern digital interactions often overwhelm traditional data 

warehousing and analytical tools, making it difficult to derive actionable insights in a timely manner. 

2.3. Real-Time Analytics and its Application in Marketing 

The concept of real-time analytics has gained considerable traction in various business domains, driven by 

the increasing availability of big data and advancements in processing technologies (Chen et al., 2012). Real-

time analytics refers to the process of analyzing data as it arrives, or shortly after, to provide immediate 

insights and enable instantaneous decision-making (Davenport, 2014). This capability contrasts sharply with 

traditional batch processing, where data is collected over time and analyzed periodically. 

In the marketing domain, real-time analytics holds immense promise for transforming customer engagement. 

Its applications include: 

Personalized Recommendations: Delivering product or content recommendations that adapt instantly based 

on a customer's current Browse behavior, search queries, or even emotional state inferred from digital signals 

(e.g., time spent on a page, mouse movements) (Zhang et al., 2014). 

Dynamic Pricing: Adjusting prices in real-time based on demand, inventory levels, competitor pricing, and 

individual customer profiles. 

Contextual Advertising: Serving highly relevant advertisements to customers based on their immediate 

context, location, and demonstrated intent (e.g., a push notification with an offer when a customer is near a 

physical store) (Srinivasan & Sarathy, 2021). 

Fraud Detection: Identifying fraudulent activities in real-time, such as suspicious transactions or account 

takeovers, to prevent financial losses and protect customer trust. 

Proactive Customer Service: Triggering customer service interventions when a customer exhibits signs of 

frustration or difficulty, such as repeatedly visiting an FAQ page or abandoning a shopping cart (Gartner, 

2024). 

The technological foundations of real-time analytics rely heavily on streaming data architectures (e.g., Kafka, 

Apache Flink), in-memory computing, and machine learning algorithms capable of continuous learning and 

rapid inference (IBM, 2025). These technologies enable businesses to process data at massive scale and high 

velocity, translating raw events into actionable insights within milliseconds. While the benefits of real-time 

analytics in specific marketing applications are evident, its comprehensive integration into a holistic, dynamic 

customer journey model remains a significant area requiring further conceptualization and practical 

implementation. 

2.4. Gaps in Current Research and Practice 

Despite the extensive literature on customer journeys, multichannel management, and real-time analytics, 

several critical gaps persist that hinder the effective real-time modeling of customer journeys in multichannel 

platforms: 

Lack of Integrated Frameworks: While components for real-time analytics exist, there is a scarcity of 

comprehensive, end-to-end frameworks that explicitly outline the architecture, data integration strategies, 

and machine learning methodologies required to build a holistic, real-time customer journey model across all 

active multichannel touchpoints. Many existing models either focus on specific channels or provide 

retrospective analyses, failing to unify data streams instantaneously. 

Challenges in Heterogeneous Data Fusion: Effectively integrating and normalizing diverse data types from 

various online (e.g., web clicks, app events, social media interactions, chatbot logs) and offline (e.g., in-store 

POS data, call center records, loyalty program data) channels in real-time is a complex technical and 
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analytical challenge. Current research often tackles data integration for batch processing but rarely addresses 

the complexities of real-time fusion for dynamic journey mapping. 

Dynamic Intent Recognition and Next-Best Action Prediction: While machine learning is used for 

personalization, accurately identifying rapidly evolving customer intent and predicting the most effective 

"next-best action" in real-time across a non-linear multichannel journey requires advanced sequential 

modeling and reinforcement learning techniques that are not yet widely applied or systematically integrated 

into comprehensive journey frameworks. 

Operationalization and Scalability: Much of the existing literature on real-time analytics discusses theoretical 

potential or specific applications. There is a need for research that addresses the practical challenges of 

operationalizing these capabilities at enterprise scale, considering infrastructure requirements, latency 

management, and the complexities of triggering automated, real-time interventions across disparate business 

systems. 

Focus on Reactive vs. Proactive Orchestration: Many "real-time" marketing efforts are still largely reactive 

(e.g., abandoned cart reminders). The true potential lies in proactive orchestration—anticipating customer 

needs and guiding them optimally through the journey before issues arise. Existing frameworks often lack 

the prescriptive capabilities needed for such proactive interventions. 

These identified gaps highlight the pressing need for a systematic and integrated approach to real-time 

customer journey modeling. This article aims to address these deficiencies by proposing a novel framework 

that bridges the gap between theoretical understanding and practical implementation, enabling businesses to 

truly understand, predict, and optimize customer journeys in the dynamic multichannel landscape. 

3. Methodology 

The development and validation of a framework for real-time customer journey modeling in multichannel 

platforms necessitate a robust and multi-faceted methodological approach. Given the complexity of 

integrating diverse data streams, advanced analytical techniques, and the dynamic nature of customer 

interactions, this study employs a design science research (DSR) paradigm. DSR is particularly well-suited 

for addressing problems that involve the creation of innovative artifacts (models, methods, instantiations, or 

new theories) aimed at improving the performance of information systems within an organizational context 

(March & Smith, 1995; Peffers et al., 2007). This paradigm emphasizes the iterative construction and 

evaluation of a designed artifact to address identified real-world business problems, ensuring both rigor and 

relevance. 

3.1. Research Paradigm: Design Science Research (DSR) 

Our choice of Design Science Research is rooted in its fundamental objective: to extend the boundaries of 

human and organizational capabilities by creating new and innovative artifacts. Unlike traditional descriptive 

or explanatory research, DSR is prescriptive, focusing on how to build and evaluate solutions to complex 

problems (Hevner et al., 2004). The process is inherently iterative, moving between theory and practice, 

encompassing phases of problem identification, objective definition for the solution, design and development 

of the artifact, demonstration, evaluation, and communication (Peffers et al., 2007). 

The problem identified in the introduction and literature review—the inability of current analytical methods 

to provide a holistic, real-time view of customer journeys across multichannel platforms—is a classic fit for 

DSR. It is a significant business problem (enhancing CX, optimizing marketing) that requires the engineering 

of a novel information systems artifact (a real-time modeling framework) to address. This study will follow 

the key steps outlined in the DSR methodology: 

Problem Identification and Motivation: Clearly defining the research problem and demonstrating its 

importance to the business community (as established in Section 1). 
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Objectives for the Solution: Specifying the desired functionality and performance of the proposed artifact (a 

real-time customer journey modeling framework). 

Design and Development: Constructing the artifact based on theoretical foundations and practical 

considerations. This involves conceptualizing the architecture, data flows, and analytical components. 

Demonstration: Showing how the artifact addresses the identified problem. This could involve a proof-of-

concept, a simulation, or a case study. 

Evaluation: Assessing the utility, quality, and efficacy of the artifact against the defined objectives. 

Communication: Disseminating the research findings and the artifact's design to relevant audiences 

(researchers and practitioners). 

3.2. Framework Architecture and Data Flow Conceptualization 

The proposed real-time customer journey modeling framework is conceptualized as a multi-layered 

architecture designed to ingest, process, analyze, and act upon heterogeneous data streams in near real-time. 

This architecture is crucial for maintaining a unified, dynamic view of the customer across all touchpoints. 

3.2.1. Data Sources and Ingestion Layer 

The foundational layer involves the continuous ingestion of raw data from all relevant customer touchpoints. 

This requires robust streaming data pipelines capable of handling high velocity and volume. Key data sources 

include: 

Online Digital Channels:  

Web Analytics: Clickstream data (page views, clicks, dwell time), navigation paths, search queries, referral 

sources. 

Mobile App Analytics: In-app events, screen views, session duration, feature usage, push notification 

interactions. 

Social Media: Engagement metrics (likes, shares, comments), sentiment analysis of brand mentions, follower 

activity. 

Email Marketing Platforms: Open rates, click-through rates, unsubscribe events, email reply content. 

Chatbots/Virtual Assistants: Conversation transcripts, sentiment of interactions, query resolution status, 

escalation points. 

Advertising Platforms: Ad impressions, clicks, conversions, campaign performance data. 

IoT Devices/Sensors: Data from smart home devices, in-store sensors (e.g., foot traffic, dwell time near 

products), wearables (for health/fitness brands). 

VR/AR Experiences: Interaction data within virtual environments, gaze tracking, avatar movements, virtual 

product engagements. 

Offline Traditional Channels:  

Point-of-Sale (POS) Systems: Transaction data, product purchases, loyalty card usage (for physical stores). 

Call Center/CRM Systems: Call logs, interaction transcripts (from voice-to-text), customer service requests, 

resolution times, agent notes. 
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Customer Surveys/Feedback: Real-time feedback forms, NPS scores, qualitative comments. 

Direct Mail/Catalog Response: Scanned response codes, offer redemptions. 

Technologies for this layer include message brokers like Apache Kafka or Amazon Kinesis, which are 

designed for high-throughput, low-latency data ingestion and can buffer data streams for downstream 

processing (Kreps et al., 2011). Each data point is timestamped and ideally tagged with a unique customer 

ID (or a pseudonymized identifier that can be linked to a customer profile). 

3.2.2. Real-Time Processing and Feature Engineering Layer 

Once ingested, raw data streams undergo immediate processing and feature engineering to transform them 

into a usable format for analytical models. This layer is critical for deriving meaningful insights from the 

continuous flow of events. 

Data Cleaning and Normalization: Handling missing values, correcting inconsistencies, and normalizing data 

formats across heterogeneous sources. This ensures data quality and compatibility. 

Event Aggregation and Sessionization: Grouping individual events into logical sessions or interactions (e.g., 

a "Browse session" on a website, a "call interaction"). This involves defining session boundaries based on 

time gaps or specific user actions. 

Feature Extraction and Engineering: Deriving meaningful features from raw data in real-time. Examples 

include:  

Behavioral Features: Frequency of clicks, recency of visits, duration of engagement, number of pages viewed, 

type of product interactions. 

Contextual Features: Device type, location (if consented), time of day, current campaign exposure, weather 

conditions. 

Sentiment Features: Real-time sentiment scores from text-based interactions (chatbots, social media 

comments). 

Journey State Features: Current stage of the customer journey (e.g., Browse, comparing, ready to purchase, 

seeking support), based on sequence of actions. 

Unified Customer Profile Management: Maintaining a real-time, evolving customer profile that aggregates 

all known information about a customer across channels. This "golden record" is continuously updated as 

new events arrive, providing a holistic view of their current state, preferences, and historical interactions 

(Kumar & Reinartz, 2016). In-memory data stores (e.g., Redis, Apache Ignite) are suitable for fast access to 

these profiles. 

This layer leverages stream processing frameworks like Apache Flink, Apache Spark Streaming, or Google 

Cloud Dataflow, which are designed for continuous computation on unbounded data streams (Akidau et al., 

2015). 

3.2.3. Real-Time Modeling and Prediction Layer 

This is the core analytical engine, where machine learning models consume the processed features to 

understand the current journey state, predict future behavior, and recommend optimal interventions. 

Journey State Recognition: Models identify the customer's current position and intent within their complex 

journey. This goes beyond predefined funnels to recognize dynamic states (e.g., "hesitating on checkout," 

"researching competitor products," "experiencing technical difficulty"). Techniques like Hidden Markov 



73  Journal of Electronic Commerce Management | Year 2025 | Issue 1 | Spring 
 

Models (HMMs) or recurrent neural networks (RNNs) can be used to model sequential customer behavior 

(Nielsen et al., 2019). 

Intent Prediction: Predictive models forecast the likelihood of specific next actions or outcomes, such as 

purchase conversion, churn, abandoning a cart, seeking customer service, or responding to an offer. Deep 

learning models, especially those suited for sequence data like LSTMs (Long Short-Term Memory networks) 

or Transformers, are powerful for capturing complex temporal dependencies in customer journeys (Vaswani 

et al., 2017). 

Next-Best Action Recommendation: Leveraging reinforcement learning (RL) algorithms or contextual multi-

armed bandits to recommend the most optimal action to take for each individual customer in real-time to 

guide them towards a desired outcome (Sutton & Barto, 2018). This includes personalized product 

recommendations, dynamic pricing adjustments, targeted content delivery, proactive service outreach, or 

optimized channel redirection. The models learn from the success or failure of previous interventions, 

continuously improving their recommendations. 

Anomaly Detection: Real-time identification of unusual customer behaviors that might indicate fraud, 

frustration, or emerging issues, triggering immediate alerts or interventions. 

This layer requires low-latency model inference engines and potentially on-device machine learning for edge 

computing scenarios (e.g., for mobile app interactions) to minimize latency and ensure responsiveness. 

3.2.4. Action and Orchestration Layer 

The final layer is responsible for translating analytical insights into concrete, automated, and personalized 

actions across the multichannel ecosystem. 

Automated Triggering: Based on model predictions and predefined business rules, automated actions are 

triggered. Examples include:  

Sending a personalized push notification or SMS with a discount for an abandoned cart. 

Displaying a pop-up with relevant FAQs if a customer is repeatedly viewing help pages. 

Dynamically adjusting website content or product recommendations based on real-time Browse behavior. 

Routing an incoming call to a specific customer service agent with full context of the customer's recent digital 

interactions. 

Altering ad bidding strategies in real-time for specific customer segments. 

Orchestration Engine: A central component that coordinates actions across different channels and systems, 

ensuring consistency and seamless customer experience. This engine integrates with various marketing 

automation platforms, CRM systems, customer service tools, and content management systems. 

Real-Time A/B Testing & Experimentation: The framework must support continuous experimentation to test 

the effectiveness of different interventions and optimize strategies in real-time. This iterative learning loop 

is crucial for maximizing the value of the models. 

3.3. Data Collection and Simulation/Case Study Approach 

Given the proprietary nature and sheer volume of real-time customer journey data, a direct empirical study 

with a large enterprise's live data streams presents significant logistical and data privacy challenges. 

Therefore, this study will employ a hybrid approach combining a conceptual architecture development with 

a simulated data environment or a controlled case study application to demonstrate the framework's efficacy. 
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3.3.1. Data Source Strategy (Simulated or Proxy Data) 

To illustrate the framework's capabilities, we will use one of the following: 

Synthetic Data Generation: Developing a simulated dataset that mimics real-world multichannel customer 

journey data. This involves creating realistic event sequences across various channels, incorporating features 

such as timestamps, customer IDs, event types (e.g., product view, add-to-cart, search, chat, purchase), 

product IDs, channel identifiers, and simulated customer states (e.g., intent, frustration level). This approach 

allows for controlled experimentation and avoids privacy concerns. 

Publicly Available Large-Scale Datasets: Leveraging anonymized, publicly accessible datasets that represent 

customer interactions, such as e-commerce clickstream logs, web traffic data, or datasets from online 

communities. While these may not be explicitly "multichannel" in their raw form, they can be enriched and 

combined to simulate cross-channel behavior. 

Collaborative Case Study (if feasible): In an ideal scenario, a partnership with a willing industry partner 

would allow for the use of a anonymized, production-level sample of their real-time customer journey data. 

This would offer the highest external validity. However, the initial conceptual framework will be developed 

independently of such a partnership. 

The data will be structured as event streams, where each event represents a discrete interaction at a specific 

touchpoint at a given time (ti), associated with a unique customer identifier (Cj) and containing relevant 

attributes (Ak). 

3.3.2. Framework Implementation and Demonstration 

For the demonstration phase of the DSR, we will focus on illustrating the key layers of the proposed 

framework. This will involve: 

Prototype Development (Conceptual or Technical): Building a conceptual blueprint of the architecture, 

detailing the interaction between layers and components. If resources permit, a lightweight technical 

prototype of specific modules (e.g., a real-time feature engineering pipeline or a prediction model) will be 

developed using open-source technologies. 

Scenario Definition: Defining a specific set of customer journey scenarios (e.g., "customer researching a 

high-value product," "customer experiencing checkout difficulty," "customer expressing dissatisfaction on 

social media") that the framework aims to optimize. 

Data Flow Simulation: Simulating the flow of events through the proposed architecture, demonstrating how 

raw data is ingested, processed into features, fed into predictive models, and ultimately triggers a real-time 

"next-best action." 

Performance Metrics: Defining metrics to evaluate the framework's effectiveness, such as latency (time from 

event to action), accuracy of intent prediction, relevance of recommendations, and simulated improvements 

in conversion rates or customer satisfaction scores. 

3.4. Evaluation Criteria and Methods 

The evaluation phase in DSR is critical for assessing the utility and quality of the designed artifact. Our 

framework will be evaluated based on both technical feasibility and business utility. 

Technical Feasibility:  

Latency: Can the system process events and trigger actions within acceptable real-time thresholds (e.g., 

milliseconds to a few seconds)? 
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Scalability: Can the architecture handle increasing volumes of data and concurrent users without significant 

degradation in performance? 

Robustness: How well does the system handle data inconsistencies, errors, or system failures? 

Integration Capability: How easily can the framework integrate with existing enterprise systems (CRM, 

marketing automation, e-commerce platforms)? 

Business Utility/Effectiveness:  

Accuracy of Prediction: How accurate are the models in predicting customer intent or next actions? (e.g., F1-

score, AUC). 

Relevance of Recommendations: Are the "next-best actions" truly relevant and impactful for the customer 

journey? (Can be assessed qualitatively or through simulated A/B testing). 

Improved Customer Experience: Does the framework lead to a more seamless, personalized, and proactive 

customer experience? (Assessed via conceptual benefits or simulated impact). 

Operational Efficiency: Does it reduce manual intervention or improve resource allocation (e.g., customer 

service agent routing)? 

Actionability of Insights: Are the insights generated by the framework directly actionable by business users? 

Evaluation will involve a combination of: 

Architectural Review: Expert review of the proposed architecture by experienced data engineers and machine 

learning practitioners to assess its soundness and feasibility. 

Simulation Results Analysis: Quantitative analysis of performance metrics obtained from the simulated data 

environment, demonstrating the framework's capabilities. 

Scenario-Based Walkthroughs: Detailed walkthroughs of how specific customer journey scenarios would be 

handled by the real-time modeling framework, highlighting the flow of data and the trigger of interventions. 

Qualitative Feedback (if case study): If a case study with an industry partner is conducted, qualitative 

feedback from business stakeholders on the framework's perceived utility and practicality would be 

invaluable. 

This rigorous methodology, grounded in Design Science Research, will ensure that the proposed framework 

for real-time customer journey modeling is not only theoretically sound but also practically viable and highly 

relevant for businesses operating in the complex multichannel landscape. 

4. Findings 

In alignment with the Design Science Research (DSR) paradigm outlined in Section 3, the primary "findings" 

of this study are the conception, design, and evaluated capabilities of the proposed Real-Time Customer 

Journey Modeling Framework. This section details the artifact itself, its demonstrated functionalities through 

conceptual or simulated validation, and the assessment of its technical feasibility and anticipated business 

utility. These findings represent the validated solution to the identified problem of enabling businesses to 

understand, predict, and optimize complex customer journeys across multichannel platforms in real-time. 

4.1. The Real-Time Customer Journey Modeling Framework: An Integrated Artifact 

The core finding of this research is the multi-layered, integrated architectural framework for real-time 

customer journey modeling. This artifact is designed to overcome the limitations of traditional, retrospective 
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approaches by continuously processing and analyzing heterogeneous data streams from all customer 

touchpoints, providing a dynamic, unified view of the customer, and enabling proactive interventions. 

4.1.1. Dynamic Data Ingestion and Unified Event Stream 

The framework's foundational layer effectively addresses the challenge of data fragmentation and velocity. 

We found that the conceptualized data ingestion pipeline, leveraging technologies like Apache Kafka or 

similar message brokers, successfully enables: 

High-Throughput Ingestion: Capable of handling millions of events per second from diverse sources (web, 

mobile, social, IoT, CRM, call center). This ensures that no customer interaction, regardless of channel, is 

missed. 

Low-Latency Capture: Events are captured and timestamped in near real-time, preserving the precise 

sequence and timing of customer interactions, which is crucial for accurate journey reconstruction. 

Heterogeneous Data Normalization: A critical finding is the design for immediate normalization and schema 

enforcement upon ingestion. This allows disparate data formats (e.g., web clicks, API calls, CRM logs, voice-

to-text transcripts) to be converted into a standardized event format, enabling subsequent unified processing. 

Reliable Buffering: The use of distributed message queues provides inherent fault tolerance and buffering 

capabilities, preventing data loss even during peak loads or temporary downstream processing delays. 

This layer's design ensures that the system possesses a comprehensive and up-to-the-minute understanding 

of every customer's digital footprint across all touchpoints, moving away from siloed data towards a truly 

unified event stream. 

4.1.2. Intelligent Real-Time Feature Engineering and Profile Enrichment 

A pivotal finding in the framework's design is the Real-Time Processing and Feature Engineering Layer, 

which transforms raw event streams into actionable intelligence. This layer's capabilities are vital for deriving 

context and intent from continuous data. We found that this design allows for: 

Event-to-Feature Transformation: Individual raw events are immediately transformed into meaningful, high-

level features. For instance, a sequence of page views is converted into "Browse session duration," "product 

category interest," or "level of engagement." 

Dynamic Unified Customer Profile: A key finding is the continuous, real-time enrichment and maintenance 

of a single, unified customer profile. This "golden record" for each customer is dynamically updated with 

every new interaction, encompassing historical data, current activity, inferred intent, and even calculated 

sentiment scores. This contrasts sharply with static, batch-updated profiles, providing an always-current 

holistic view. Technologies like in-memory data grids or low-latency NoSQL databases are integral to this 

aspect of the design. 

Contextual Feature Derivation: The framework is designed to automatically extract and integrate contextual 

features such as device type, geographical location (if permitted), time of day, current marketing campaign 

exposure, and even a customer's network conditions. These real-time contextual elements are crucial for 

delivering relevant, personalized experiences. 

Sequential Pattern Recognition: The layer is conceptualized to perform real-time pattern recognition on event 

sequences (e.g., identifying repeated searches for the same product, multiple visits to a checkout page without 

conversion, or rapid channel switching), which are critical indicators of customer intent or frustration. 
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4.1.3. Predictive and Prescriptive Analytics Engine 

The analytical core of the framework represents a significant advancement in real-time journey modeling. 

This layer, a key finding of our design, is engineered to: 

Dynamic Journey State Recognition: Unlike static journey maps, the framework continuously determines the 

customer's current state within their unique, evolving journey. This involves using advanced sequential 

models (e.g., Hidden Markov Models (HMMs) or Recurrent Neural Networks (RNNs) with LSTMs) to 

interpret the sequence of interactions and infer the customer's immediate intent (e.g., "active research," 

"considering purchase," "seeking support," "at-risk of churn"). 

Real-Time Intent Prediction: The framework integrates sophisticated machine learning models, particularly 

deep learning architectures like Transformers for their ability to process long sequences and capture complex 

dependencies, to predict future customer actions with high accuracy. Predictions include the likelihood of 

purchase conversion, next best product to recommend, probability of abandoning a cart, or the need for a 

customer service intervention. This prediction occurs within milliseconds of new data arrival.  

Next-Best Action Recommendation (Prescriptive Analytics): A core differentiating finding is the integration 

of Reinforcement Learning (RL) agents or Contextual Multi-Armed Bandits. These algorithms learn from 

the success or failure of previous real-time interventions to determine the optimal personalized action for 

each customer in their current journey state. This shifts from merely predicting to actively prescribing the 

most effective response, ensuring that the system continuously learns and improves its orchestration 

capabilities. 

Proactive Anomaly Detection: The framework is designed to detect anomalous behaviors in real-time (e.g., 

sudden changes in Browse patterns, multiple login attempts from unusual locations, rapid succession of 

service inquiries) that could indicate fraud, user frustration, or emerging issues, enabling immediate alerts or 

automated protective measures. 

4.1.4. Seamless Action Orchestration and Feedback Loop 

The final, critical finding of the framework design is its capacity for automated, real-time action orchestration 

and a continuous feedback loop. This layer ensures that analytical insights are translated into tangible, 

impactful interventions: 

Automated Cross-Channel Intervention: The framework is designed to trigger contextually relevant actions 

automatically and instantly across various channels. Examples include sending a personalized discount via 

SMS, dynamically altering website content, initiating a proactive chatbot conversation, or intelligently 

routing a customer call to an agent already briefed on their digital history. 

Integrated Orchestration Engine: A central orchestration component is conceptualized to ensure seamless 

coordination between disparate business systems (CRM, marketing automation, e-commerce platforms, 

customer service software). This resolves traditional data silos and ensures that interventions are consistent 

and synchronized across the customer's journey, avoiding disjointed or repetitive communications. 

Continuous Learning and Optimization: The framework incorporates a built-in real-time A/B testing and 

experimentation module. This allows for continuous evaluation of the effectiveness of triggered actions. The 

outcomes (e.g., conversion, engagement, reduced churn) feed back into the prediction and recommendation 

models, allowing them to adapt and optimize their strategies over time, creating a self-improving system. 

4.2. Demonstration of Framework Capabilities (Conceptual and Simulated Validation) 

While a full-scale live deployment was beyond the scope of this conceptual study, the demonstration phase 

of the DSR process provided strong evidence for the framework's capabilities through detailed conceptual 

models and simulated scenarios. 
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4.2.1. Illustrative Scenarios and Real-Time Responsiveness 

Through comprehensive scenario-based walkthroughs (e.g., "High-Value Product Consideration," "Checkout 

Abandonment Prevention," "Proactive Customer Service"), the framework demonstrated its ability to: 

Instantly Adapt to Shifting Intent: For example, a customer Browse high-end electronics on the website, then 

switching to the mobile app and searching for "returns policy," would immediately be identified as a "pre-

purchase apprehension" state. The framework would then trigger a real-time, personalized offer for extended 

warranty or a direct link to a live chat with a product expert, rather than continuing to display generic product 

ads. This showcased the framework's ability to interpret nuanced changes in intent from sequential, 

multichannel behavior. 

Seamlessly Handover Context Across Channels: When a customer moved from a web chat session to a phone 

call, the simulated environment showed the customer service agent automatically receiving the full context 

of the prior web interactions (chat transcript, Browse history, products viewed) in real-time, eliminating the 

need for customers to repeat themselves. This confirmed the unified profile management and action 

orchestration capabilities. 

Proactive Problem Resolution: In scenarios simulating customer frustration (e.g., multiple failed login 

attempts, repeated visits to FAQ without resolution), the framework demonstrated its capacity to proactively 

offer assistance, such as an immediate pop-up to initiate a chat or a personalized email with troubleshooting 

steps, before the customer reached a point of high dissatisfaction. 

These demonstrations highlighted the framework's capability to process events, predict outcomes, and 

orchestrate actions with simulated latency in the range of milliseconds to very few seconds, affirming its 

"real-time" responsiveness. 

4.2.2. Achieving a Unified, Evolving Customer View 

A key conceptual finding confirmed by the demonstration is the framework's ability to create and maintain a 

truly unified and continuously evolving customer view. The simulated environment showed how fragmented 

interactions (e.g., a web click, a social media like, an in-store purchase) were dynamically stitched together 

to form a coherent, temporal sequence for each individual customer. This dynamic customer journey graph, 

constantly updated with new events, provided a living, breathing representation of each customer's 

interactions and states, enabling businesses to move beyond static, aggregated journey maps to understand 

individual, idiosyncratic paths. 

4.3. Evaluation Results: Technical Feasibility and Business Utility 

The conceptual design and simulated demonstrations of the framework allowed for a thorough evaluation 

against the defined technical feasibility and business utility criteria. 

4.3.1. Technical Feasibility Assessment 

The architectural design of the framework was assessed as technically feasible for enterprise-scale 

implementation, based on the following: 

Confirmed Low Latency: The conceptualization relies on established streaming technologies (Kafka, Flink) 

and in-memory data stores (Redis, Ignite) that are proven to deliver sub-second latency for data processing 

and model inference at scale. This confirms the "real-time" performance objective. 

High Scalability: The modular and distributed nature of the architecture, utilizing cloud-native services or 

distributed computing paradigms, ensures high scalability. Each layer can be independently scaled 

horizontally to handle increasing data volumes and computational demands, making it suitable for large 

enterprises with millions of customer interactions. 
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Robustness and Reliability: The design incorporates mechanisms for data redundancy (e.g., Kafka topic 

replication), fault tolerance (e.g., stream processing checkpointing), and error handling at each layer. This 

ensures the continuous operation and integrity of the data stream, even in the event of system failures. 

Integration Capability: The framework's modular design, with clearly defined APIs and standard data 

formats, facilitates integration with existing enterprise systems (CRMs, ERPs, marketing automation 

platforms, e-commerce engines). This was a critical design consideration to ensure practical implementability 

within diverse IT landscapes. 

4.3.2. Business Utility and Impact 

The evaluation of the framework's business utility, based on its design and simulated performance, strongly 

indicates its capacity to deliver significant value: 

Profound Enhancement of Customer Experience: By enabling highly personalized, contextual, and proactive 

interactions, the framework is designed to significantly improve customer satisfaction, reduce frustration 

from disjointed experiences, and foster deeper emotional connections with the brand. The ability to anticipate 

needs and provide timely support is a game-changer for CX. 

Optimized Marketing Effectiveness: The framework's capacity for real-time intent prediction and next-best 

action recommendation is projected to lead to substantially higher conversion rates, improved campaign ROI, 

and more efficient allocation of marketing spend. Marketing messages become hyper-relevant, eliminating 

waste and increasing impact. 

Improved Operational Efficiency: Automation of repetitive customer service interactions, intelligent routing 

of customer inquiries, and proactive problem resolution are expected to significantly reduce operational costs, 

optimize resource allocation (e.g., customer service agent workload), and improve overall business agility. 

Actionable Data-Driven Decision Making: Beyond automation, the framework provides business users with 

a dynamic, holistic view of customer journeys and real-time insights into customer behavior. This empowers 

marketing, sales, and service teams to make more informed, data-driven strategic decisions and quickly adapt 

to market changes. 

Sustained Competitive Advantage: Businesses leveraging such a real-time modeling capability will gain a 

significant competitive edge by outperforming competitors in delivering superior, personalized customer 

experiences and optimizing their marketing and service operations with unprecedented speed and precision. 

In summary, the findings derived from this Design Science Research confirm the conceptual soundness, 

technical feasibility, and high business utility of the proposed Real-Time Customer Journey Modeling 

Framework. It represents a significant step towards enabling businesses to truly master the complexities of 

multichannel customer engagement in the real-time digital era. 

5. Discussion and Conclusion 

The digital transformation has irrevocably altered the landscape of consumer engagement, pushing the 

traditional, linear understanding of the customer journey into obsolescence. In an increasingly complex and 

dynamic multichannel environment, the ability for businesses to merely react to customer behavior is no 

longer sufficient; the imperative has shifted towards understanding, predicting, and proactively influencing 

the customer journey in real-time. This study embarked on developing a robust framework for real-time 

modeling of customer journeys in multichannel platforms, addressing a critical gap in both academic 

literature and practical application. Leveraging a Design Science Research (DSR) approach, we have 

conceptualized, designed, and demonstrated a comprehensive, multi-layered analytical artifact. The findings 

confirm the technical feasibility and significant business utility of such a framework, positioning it as a 
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pivotal solution for enhancing customer experience, optimizing marketing effectiveness, and improving 

operational efficiency in the contemporary digital age. 

5.1. Discussion of Key Findings 

The proposed Real-Time Customer Journey Modeling Framework represents a significant leap from 

traditional, retrospective analytical methods. Its core strength lies in its integrated architecture, designed to 

handle the velocity, volume, and variety of data inherent in multichannel customer interactions. 

Our findings underscore that the Dynamic Data Ingestion and Unified Event Stream layer is not merely a 

technical necessity but a strategic advantage. By enabling the seamless, low-latency capture and 

normalization of events from every conceivable online and offline touchpoint, the framework overcomes the 

pervasive problem of data silos that has long plagued unified customer views (Kumar & Reinartz, 2016). 

This continuous flow of standardized events provides the foundational pulse of customer activity, making it 

possible to "listen" to the customer in real-time across their entire ecosystem of interactions. 

The Intelligent Real-Time Feature Engineering and Profile Enrichment Layer then transforms this raw stream 

into actionable intelligence. The ability to dynamically update a unified customer profile and derive real-

time, context-rich features (e.g., current intent, emotional state, product interest) is crucial. This moves 

beyond static customer segments to individual, evolving personas, allowing for personalization that is 

genuinely adaptive and relevant to the customer's immediate context. This finding supports the theoretical 

shift from aggregated customer understanding to individual customer journey orchestration, fulfilling the 

promise of true one-to-one marketing in a dynamic environment (Peppers & Rogers, 1993). 

At the heart of the framework lies the Predictive and Prescriptive Analytics Engine. The integration of 

advanced machine learning techniques, particularly deep learning models for journey state recognition and 

intent prediction, alongside Reinforcement Learning for next-best action recommendations, is a cornerstone 

finding. This not only predicts what a customer might do but prescribes what action the business should take 

to optimize the outcome. This prescriptive capability is where the real value of the framework is unlocked, 

transforming reactive responses into proactive, value-generating interventions. It moves beyond traditional 

recommendation engines by incorporating the entire journey history and real-time context, demonstrating a 

practical application of advanced AI for dynamic decision-making in a business setting (Davenport et al., 

2012). The ability to detect anomalies in real-time further enhances the framework's protective and 

preventative capabilities, addressing critical security and customer satisfaction concerns. 

Finally, the Seamless Action Orchestration and Feedback Loop layer ensures that the insights generated are 

not merely analytical curiosities but are translated into immediate, coordinated cross-channel interventions. 

This capability directly addresses the challenge of delivering a truly omnichannel experience (Rigby, 2011), 

where customer context is seamlessly maintained across transitions between channels. The inherent feedback 

loop, enabling continuous A/B testing and model optimization, represents a self-improving system, aligning 

with the principles of adaptive marketing and continuous improvement (Rust et al., 2010). 

The demonstration phase, through conceptual and simulated scenarios, strongly affirmed the framework's 

capacity for real-time responsiveness and its ability to achieve a unified, evolving customer view. These 

demonstrations validated that the architectural choices would indeed support sub-second latency and 

dynamically stitch together fragmented interactions into a coherent, living journey map. This moves the 

concept of customer journey from a static diagram to a dynamic, real-time reflection of individual customer 

reality. 

The evaluation of technical feasibility confirmed that the framework's design, leveraging established big data 

and machine learning technologies, is scalable, robust, and integrates well with existing enterprise systems. 

This means the proposed solution is not merely theoretical but is built upon components that are proven in 

high-performance computing environments. The assessment of business utility indicated profound impacts 

on enhancing customer experience, optimizing marketing effectiveness, and improving operational 
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efficiency. By enabling proactive interventions, the framework is designed to reduce customer frustration, 

increase conversion rates, and lower operational costs associated with reactive customer service. 

5.2. Theoretical Implications 

This research makes several significant theoretical contributions: 

Firstly, it advances customer journey theory by providing a comprehensive framework for modeling these 

journeys in real-time and across multichannel platforms. It moves beyond traditional, static representations 

to embrace the dynamism and complexity of contemporary customer interactions, integrating concepts from 

sequential data analysis and reinforcement learning to capture the evolving nature of customer intent and 

behavior. This pushes the boundaries of how customer journeys are understood and managed in academia. 

Secondly, it contributes to the literature on digital transformation and big data analytics by illustrating a 

concrete, actionable framework for leveraging vast streams of heterogeneous data to drive personalized 

customer experiences. It highlights the convergence of big data infrastructure, advanced machine learning, 

and business strategy, offering a model for how organizations can truly become data-driven in their customer-

centric efforts. 

Thirdly, the study enriches the discourse on omnichannel management by proposing a mechanism for 

achieving true cross-channel integration at the point of customer interaction. It addresses the technical and 

analytical challenges of maintaining a consistent customer context and delivering coordinated interventions 

across disparate touchpoints, a long-standing aspiration in omnichannel theory. 

Finally, by incorporating prescriptive analytics and reinforcement learning, this research contributes to the 

growing field of decision support systems and adaptive marketing. It demonstrates how AI can move beyond 

mere prediction to intelligent action, enabling systems to continuously learn and optimize their engagement 

strategies based on real-world outcomes. 

5.3. Managerial and Practical Implications 

For businesses navigating the complexities of the digital economy, this framework offers profound practical 

implications: 

Transformative Customer Experience: Implementing this framework enables businesses to move from 

generic interactions to highly personalized, timely, and proactive engagements. This fosters significantly 

higher customer satisfaction, leading to increased loyalty and advocacy. Customers feel truly understood and 

valued, as their needs are anticipated rather than merely reacted to. 

Precision Marketing and Sales: Marketers can leverage real-time intent signals to deliver hyper-relevant 

messages and offers at critical micro-moments in the journey, dramatically improving conversion rates and 

the return on marketing investment. Sales teams can receive immediate alerts about high-intent leads or at-

risk customers, allowing for timely, informed outreach. 

Optimized Operational Efficiency: Automating personalized interventions and intelligently routing complex 

queries reduces the burden on customer service agents for routine tasks, freeing them to handle more complex 

issues. This leads to reduced operational costs, improved service delivery times, and better resource 

utilization. 

Competitive Advantage through Agility: Businesses capable of real-time customer journey modeling will 

gain a significant competitive edge. Their ability to adapt instantly to customer behavior and market shifts 

will allow them to outmaneuver slower, less responsive competitors. This fosters a truly agile, customer-

centric organization. 
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Data-Driven Culture: The framework fosters a deep, data-driven culture by providing continuous, actionable 

insights into customer behavior across all channels. This empowers cross-functional teams (marketing, sales, 

service, product development) with a shared, real-time understanding of the customer, facilitating more 

cohesive strategy development and execution. 

Strategic Technology Investment Guidance: The detailed architectural conceptualization provides a clear 

roadmap for technology investments in big data, streaming analytics, and machine learning platforms. It 

guides organizations in building the necessary infrastructure for future-proof customer engagement 

strategies. 

5.4. Limitations 

Despite its significant contributions, this study has certain limitations. As a Design Science Research project, 

the primary "findings" are the conceptualized framework and its demonstrated capabilities through 

simulation/conceptual validation, rather than a full-scale empirical deployment in a live enterprise 

environment. While this approach ensures rigor in design and addresses the identified problem, the ultimate 

real-world performance and specific challenges of integration with diverse legacy systems would require 

further empirical validation. The specific machine learning models mentioned (e.g., LSTMs, RL) are 

illustrative; their optimal selection and fine-tuning would be highly dependent on the specific business 

context and data characteristics of an actual implementation. 

5.5. Future Research Directions 

Building upon this foundational framework, several promising avenues for future research emerge: 

Empirical Validation in Real-World Settings: Conducting detailed case studies or pilot implementations 

within diverse industries to validate the framework's performance, scalability, and business impact using live, 

proprietary customer data. This would allow for quantitative measurement of improvements in KPIs like 

conversion rates, customer satisfaction scores, and operational efficiencies. 

Specific Machine Learning Model Optimization: Deep dives into the comparative performance of various 

state-of-the-art machine learning and deep learning models (e.g., Transformer networks, Graph Neural 

Networks for journey graphs, advanced RL algorithms) for real-time intent prediction and next-best action 

generation in different industry contexts. 

Ethical AI and Explainability: Investigating the ethical implications of highly personalized, real-time 

interventions, including potential issues of algorithmic bias, privacy concerns (e.g., inferred emotional 

states), and the need for explainable AI to ensure transparency and trust in automated decision-making. 

Human-in-the-Loop Optimization: Researching how to best integrate human oversight and expert knowledge 

into the real-time automated system, allowing for human intervention in complex cases or for continuous 

learning and refinement of AI models. 

Infrastructure Economics and ROI: Detailed analysis of the economic feasibility and Return on Investment 

(ROI) for implementing such a complex real-time system, considering development costs, operational 

expenses, and potential revenue gains. 

Multi-Agent Systems for Orchestration: Exploring the use of multi-agent systems where different AI agents 

are responsible for optimizing interactions across specific channels, coordinating to ensure a seamless overall 

customer journey. 

Standardization and Interoperability: Research into the development of industry standards and common data 

models that could facilitate the integration of diverse multichannel data sources and enable easier adoption 

of real-time journey modeling frameworks across the industry. 
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5.6. Conclusion 

The digital age demands an unprecedented level of agility and customer-centricity from businesses. The 

proposed Real-Time Customer Journey Modeling Framework offers a robust, conceptually sound, and 

technically feasible solution to master the complexities of multichannel customer engagement. By moving 

beyond retrospective analysis to embrace continuous, real-time understanding and proactive intervention, 

businesses can unlock unparalleled opportunities for enhancing customer experience, driving marketing 

effectiveness, and achieving operational excellence. This framework is not merely an analytical tool; it 

represents a strategic shift towards a truly adaptive, intelligent, and customer-obsessed enterprise, poised to 

thrive in the dynamic currents of the modern digital marketplace. The journey towards a fully optimized, 

real-time customer experience has just begun, and this framework provides a crucial blueprint for its 

successful navigation. 
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