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[bookmark: _Toc132197944]Web Appendix A: More on DT and CDT
[bookmark: _Toc132197945]A digital twin is a virtual representation of a real-world entity or a system; in other words, a counterpart of a physical object and a process powered by technologies like machine learning (ML), the internet of things (IoT), and analytics. When developing expensive hardware like a cellphone, car, or fighter jet, a virtual model enables virtual collaboration, simulation, or data acquisition for better iterative design. It helps you understand the system’s performance and behavior in a real-world scenario. The virtual replication gives you the answers to the “what if” methods without breaking the prototype. One of the main advantages of a digital twin is that the physical system and its digital twin can co-exist, communicate, and use real-life data from the physical system to improve the simulation. Digital twins are used across industries in several ways. For example, healthcare utilizes this capability for clinical diagnoses, learning, and training, while sectors such as automotive use the ability to optimize the manufacturing value chain, supply chain, product innovation, and enhancements. 
Why are digital twins important? Hardware-software partitioning in a parallel design cycle development environment accelerates design schedules. An integrated emulation and prototyping solution can maintain the design integrity that enables iterative and simultaneous verification, which can handle tasks of varied sizes and execution lengths, from smaller IP blocks to subsystems up to the system on a chip (SoC) level. It is also essential to extend this verification effort across the enterprise to other designs being developed concurrently. When managing multiple SoC design projects, it is critical to have a platform that bridges the verification productivity gap to accelerate the verification of SoCs, subsystems, IP blocks, and system-level validation. It is also essential to take a holistic view of the parameters when evaluating emulation throughput. Using a digital twin allows you to verify a chip and the software on that chip. The combined use of the Dynamic Duo emulation and prototyping platforms makes it possible to transition quickly and effortlessly from debugging a chip on the emulation platform to debugging the software running on that chip with the prototyping platform. Digital twins play a crucial role in redefining the emulation architecture with microprocessor-based technology. With digital twin deployments, customers immediately realize improved access to data. As a digital twin matures, other benefits include reduced maintenance costs, more informed process change decisions with large potential savings, and improvements in maintenance and operational efficiency. Having better designs from the start pays dividends over a project’s lifetime, as 80–90% of costs incurred during the production, use, and maintenance of a facility are determined at the design stage. Using digital twins in marketing can improve multiuser collaboration and communication. The ability to interact with data in real-time is changing the way marketing makes decisions. The power to visualize and simulate complex operations in real-time 3D has elevated how people interact with their assets, transforming the way virtually every physical space and asset on the planet is created, built, and operated. 
CDT
CDT refers to a virtual representation or model of a consumer, incorporating various aspects of their physical, biological, and behavioral characteristics. This concept is part of the broader trend of creating human digital twins, which are virtual replicas of real-world entities or systems. The goal of a CDT is to simulate and analyze different facets of a consumer’s life, such as their product use, health, behavior, and personal preferences. This can be achieved by collecting and integrating data from various sources, including wearable devices, health records, social media activity, and more.
The CDT concept has potential applications in an array of marketing domains, including healthcare, and overall well-being. By creating an accurate and dynamic digital representation of a consumer, researchers and managers can gain insights into their consumption status, predict potential issues, and tailor interventions or recommendations to specific needs.
In contrast, CDT takes into account real-time data, simulation data, and the fusion of physical and virtual data to meet the needs for personalization and responsiveness. Based on abundant data and models, CDT is able to construct multi-scale human body models to fit different application scenarios and needs for fidelity. From the perspective of consumer factors, CDT could be the future trend for consumer modeling.














Web Appendix B: The MODA Framework
MODA focuses on integrating three distinct models: prescriptive, predictive, and descriptive, as well as their respective data sources, while emphasizing actions related to their integration.
Predictive Models
In CDT prediction, functionality is undoubtedly a valuable tool in an era of digitalization, playing a crucial role in forecasting consumer behavior and health status. Leveraging historical data and real-time inputs allows marketing to forecast and anticipate future behavior, risks, and strategy outcomes, enabling technologies, particularly those associated with the MIoT, to facilitate prediction in CDT applications by utilizing marketing big data. In creating and using a coherent MIoT system as the dominant source of all relevant consumer information, MODA can support interdisciplinary specification and the CDT model’s predictive abilities. Indeed, the ability to handle large amounts of data holds tremendous potential for CDT deployment.  Predictive maintenance can be a prominent CDT application in marketing research and practice. CDTs can analyze sensor data, historical performance, and maintenance records to predict, for example, dissatisfaction and churn.  By forecasting maintenance needs, managers can proactively schedule improvements, optimize budgeting, and minimize waiting time, improving operational efficiency and reducing costs. Additionally, prediction plays a significant role in consumer research. Thus, an intelligent CDT will forecast, for instance, consumer energy consumption under different scenarios, enabling managers to make informed decisions regarding energy-efficient systems and renewable energy integration. 


Descriptive Models 
MODA is also a general framework for describing complex systems. It offers several descriptive capabilities, such as the hierarchical decomposition of an entity, by breaking down the system into interconnected layers of models and objects, which in turn facilitates a better understanding of the system structure and interactions between its components. As a model-driven approach, MODA can describe the use of formal models to represent system aspects, automatically generating documentation from models and improving communication and knowledge sharing among stakeholders. 
Perspective models
While MODA focuses on descriptive modeling, it also offers some prescriptive capabilities guiding system development and evolution. It can provide, for example, guidance on model design, in the form of a structured approach to define system architecture, layering, and component interactions, all to promote sound architectural and modeling decisions. MODA enables model-to-model transformations for refinement, elevates the role of models beyond documentation, facilitates application of design patterns within a model-based context, and promotes reusable solutions to common design problems. It improves design quality and maintainability, supports early verification and validation of system behavior, promotes informed decision-making and risk management during system evolution, and ensures adherence to architectural guidelines and prevents violations. Additionally, MODA supports refactoring of models to improve structure, maintainability, and performance, enhances consistency between design and implementation, and fosters understanding and reuse of architectural expertise. However, prescriptive capabilities may vary depending on the specific type of MODA implementation and tools used. As aforementioned, we added the human intuition factor, H-MODA, following the “human-in-the-loop” concept, taking into account human intuition and control, realizing that it might be difficult to obtain all relevant data solely through computerized and digital MODA systems.


Web Appendix C: More on Tracking Customers' Journey Technologies
Several technologies are used to track customers' journeys across various touchpoints, both online and offline. These technologies enable mangers to understand how consumers interact with their brands and make purchasing decisions. Some of the key technologies for tracking customer journeys include:
Cookies and Tracking Pixels: Cookies are small pieces of data stored on users' devices by websites to track their browsing behavior. Tracking pixels are tiny, transparent images embedded in web pages or emails to monitor user activity, such as clicks and conversions.
Web Analytics Tools: Platforms like Google Analytics, Adobe Analytics, and Mixpanel track website visitors' behavior, including pages visited, time spent on site, and conversion paths. These tools provide insights into user engagement and help optimize website performance.
Customer Relationship Management (CRM) Systems: CRM systems like Salesforce, HubSpot, and Zoho track interactions with customers across various channels, such as email, phone calls, and social media. They store customer data and facilitate personalized communication and targeted marketing.
Marketing Automation Platforms: Marketing automation tools, such as Marketo, Pardot, and Mailchimp, track customers' interactions with marketing campaigns, including email opens, clicks, and conversions. They automate repetitive tasks and deliver personalized content based on user behavior.
Heatmaps and Session Recording: Heatmap tools like Crazy Egg and Hotjar visualize users' interactions with web pages, highlighting areas of high and low engagement. Session recording tools allow businesses to replay users' website sessions to understand their behavior and identify pain points.
Mobile Analytics: Mobile analytics platforms, such as Firebase and Flurry Analytics, track users' interactions with mobile apps, including app installs, user sessions, and in-app purchases. They provide insights into user behavior and app performance.
Geolocation and Beacon Technology: Geolocation technology tracks users' physical locations using GPS or Wi-Fi signals, allowing businesses to deliver location-based promotions and personalized experiences. Beacon technology uses Bluetooth low energy (BLE) devices to detect users' proximity to specific locations and send relevant notifications.
Social Media Analytics: Social media platforms like Facebook, Twitter, and Instagram provide analytics tools that track users' interactions with branded content, including likes, shares, and comments. Social listening tools monitor social media conversations to understand sentiment and trends related to a brand or product.
Offline Tracking Solutions: Offline tracking solutions, such as in-store beacons, RFID (Radio-Frequency Identification) tags, and POS (Point of Sale) systems, capture customers' interactions with physical stores and products. They provide insights into foot traffic, purchase behavior, and product preferences.
By leveraging these technologies, businesses can gain valuable insights into 



Web Appendix D: DT Health Applications
The healthcare sector is an area proximate to consumer behavior, which provides a vivid application of HDT technology. The impacts developments in enabling technology promise to have on marketing are unprecedented as the once impossible is becoming possible. In terms of MIoT, the devices are cheaper and easier to implement, hence the dramatic improvements in connectivity. Increased connectivity is only expanding the potential application of DT use within the healthcare sector. One future possibility would be a DT of a human being, which provides a real-time analysis of the body. Proven current applications include a DT used for simulating the effects of certain drugs, and a HDT for planning and performing surgical procedures . In general, HDT gives researchers, doctors, hospitals and healthcare providers the ability to simulate environments specific to their needs whether it be real-time or looking to future developments and uses. Additionally, HDT can be used simultaneously with AI algorithms to make smarter predictions and decisions. 
Many healthcare applications, though not directly involving patients, play a crucial role in ongoing care and treatment. Health Digital Twin (HDT) is still in its early stages but holds vast potential, whether in bed management or broader hospital operations. Real-time simulation is especially critical in healthcare, impacting life-or-death scenarios. Digital Twin (DT) can aid in predictive maintenance of medical equipment. HDT, alongside AI, has the potential to make life-saving decisions using real-time and historical data. In summary, HDT can be applied from daily healthcare to managing ongoing conditions, utilizing data analytics for preventive health care management.


Web Appendix E: Additional DT Consumer Applications
[bookmark: _Toc132197946]Immersive Virtual Experiences: DT can be used to create immersive 3D product visualizations and virtual showrooms, allowing customers to interact with products in a realistic and engaging manner. This can enhance the online shopping experience and reduce product returns.
Targeted Advertising and Promotions: DT can segment customer data to create highly targeted advertising campaigns and promotions. This can maximize the effectiveness of marketing efforts and improve return on investment (ROI).
Predictive Analytics and Customer Insights: DT can analyze customer data to predict future behavior and identify trends. This can help businesses anticipate customer needs, develop proactive marketing strategies, and gain a deeper understanding of their customer base.
Personalized Customer Service: DT can provide customer service representatives with a holistic view of individual customers, enabling them to offer personalized support and resolve issues more effectively.
Product Innovation and Development: DT can simulate product usage and performance, allowing businesses to identify potential issues and optimize product design before launch. This can lead to better products that meet customer expectations.
Brand Storytelling and Engagement: DT can be used to create interactive brand stories that engage customers and reinforce brand messaging, thereby strengthening brand loyalty and attracting new customers.
Competitive Market Analysis: DT can analyze competitor products and market trends, providing businesses with insights that enable them to differentiate their offerings and gain a competitive advantage.
Dynamic Pricing and Promotions: DT can analyze real-time market conditions and customer demand to optimize pricing strategies and promotions, thus maximizing revenues and improving profit margins.
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