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Chapter 1: Foundations of Intelligent Insurance 

Systems and Digital Transformation 

1.1. Introduction 

In the insurance sector, intelligent insurance systems—data-rich environments that 

exploit AI, Machine Learning (ML), fast data analytics, and automation to transform 

information into actionable processes—represent an emerging class of intelligent 

systems at the intersection of intelligent enterprise and intelligent operations. Intelligent 

insurance promises an inexorable transformation of the industry. Insurers that are at the 

forefront of adopting intelligent insurance functionalities are expected to be among the 

winners of the current economic cycle: they are likely to generate new business 

opportunities and compete more effectively in mature segments. The transformation is 

powered by an overarching digital strategy—the digital transformation of the insurance 

sector—which pervades all aspects of the business, from structure and culture to 

customer experience. Digital transformation enables incumbents to respond to 

intensifying competition from new technology-enabled players, such as InsurTech and 

BigTech companies, seeking to capture a share of the insurance value pool. Digitally 

transforming insurance allows players to exploit the ever-increasing volumes of 

structured and unstructured data generated by their activities but also by policyholders, 

third parties, and global datasets by harnessing the full potential of data analytics and 

AI. It also empowers industry players to rethink and innovate their service portfolio, 

leveraging smart service technologies (SST) to enhance operational efficiency, 

effectiveness, and agility, deliver superior customer experience, and, ultimately, increase 

profitability. 

The adoption of intelligent insurance is captured by four areas of strategic drivers: 

response toward regulatory initiatives, building on the ever-increasing availability and 

shift toward a more effective use of data and analytics across the organization, managing 

customer expectations, and catch-up efforts from later-market entrants. For all these 

drivers, hypothesis testing confirms that delivery of transformation efforts through 

service-based architectures results in superior business performance. Incumbents 
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operating in a global platform economy are under pressure to transform their value 

proposition into open service-based models and are increasingly seeking to become 

insurers-as-platforms, enabling third parties to innovate on top of their IT assets. These 

key dimensions are the deployment of intelligent service platforms that enable third 

parties to build innovative solutions on top of basic insurance coverages and the 

recognition that customers are no longer willing to be passive, at best providing input 

for the development of new services and offerings. 

1.1.1. Overview of Intelligent Insurance Concepts 

Intelligent insurance refers to new business models that leverage data, artificial 

intelligence, and automation to address customer engagement, operational performance, 

and risk scoring, and transform the customer experience. The smart period glosses over 

the novelty of business enablers. A more useful classification distinguishes intelligent 

insurance capabilities, which are the prerequisites and building blocks of intelligent 

insurance systems, and intelligent service models for customers. Data is also frequently 

cited as a driver and enabler of change. The scholarly exploration of intelligent insurance 

is nuanced by a literature-base that covers strategic drivers, transformation barriers and 

success factors, service model evolution, and the economic foundations of platform and 

ecosystem business perspectives. 

 

Fig 1.1: Architecting the Intelligent Insurance Frontier: From Data-Driven Capabilities 

to API-Centric Ecosystems 

The examination of digital transformation in the insurance sector highlights strategic 

drivers, effects of change on the organization’s value proposition, and creation of digital 

competitive advantage. The evidence is contested and the topic is still rich in debate. 

Literature-bearers also focus on digital business models and platforms in the sector. The 

review of data-centred service models and ecosystems analyzes the emergence of 
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insurers as platforms with partners, the development of an economy centred on 

application programming interfaces (APIs), partnerships between ecosystem players, 

and the building of ecosystems involving a wide range of stakeholders in the value chain. 

1.2. Theoretical Foundations of Intelligent Insurance 

Intelligent insurance enables insurers to deliver better outcomes for customers and 

stakeholders, identify new market superiorities, and streamline operations. By 

harnessing the right data and embracing appropriate paradigms—such as predictive, 

prescriptive, or adaptive—insurers can reimagine the value chain, become more 

customer-centric, and transform the operating model from aspects of the platform 

economy. Artificial intelligence (AI) and other advanced technologies therefore act as 

common facilitators for many of the new capabilities being presented. Capabilities are 

defined in terms of five dimensions: data, AI, automation, risk scoring, and customer 

engagement. 

When linked to the relevant industry pain points, opportunities, and performance 

indicators, intelligent insurance becomes a source of direction for digital transformation 

programs. Core technologies—including artificial intelligence (AI) and machine 

learning (ML), advanced data analytics, the Internet of Things (IoT), cloud computing, 

and blockchain technologies—and their associated paradigms are critically assessed. 

The aim is to determine the upper boundaries of the problem domain in order to identify 

area specialists, while still allowing for the possibility of reusing these concepts beyond 

the insurance sector itself. 

1.2.1. Definitions and Dimensions of Intelligent Insurance 

Insurance is considered intelligent when it employs enhanced data and artificial 

intelligence capabilities for better decision-making across its internal processes, the 

value chain, and data exchange with customers and external partners. Intelligent 

insurance integrates the entire insurance lifecycle into a cohesive digital experience for 

customers, and adapts in real or near-real time to changes in customer needs, intent, and 

behavior. The foundational components of intelligent insurance include AI-enhanced 

data assets, analytics and Machine Learning (ML) models, digital channels, and 

automated processes. 

Assessment criteria stem from current industry pressure points, forces set to reshape the 

industry, and successes achieved with intelligent capabilities. Intelligent insurance 

attempts to close the gap between the significant investments made by the industry in 

customer engagement, process automation, and AI, and the modest improvement in 
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operational and customer experience measures, its value proposition, and human factors 

– factors that differ fundamentally from traditional insurance. 

1.2.2. Core Technologies and Paradigms 

Core technologies—such as AI/machine learning, data analytics, the Internet of Things, 

cloud computing, and blockchain—are enabling insurance companies to innovate their 

services and operating models. Two paradigmatic trends are prominent. On the 

predictive side, the field of predictive analytics is increasingly capturing both historical 

and real-time behavioral data of both customers and risks to inform risk selection and 

pricing. Such data automation is allowing for dynamic and usage-based pricing 

strategies. Beyond prediction and pricing, predictive data are enabling a wide range of 

prescriptive services by insurers, including risk management strategies, loss prevention 

services, fraud detection, resilience strategies, customer relationship management, and 

more. The accumulation of external data sources and new technologies is also allowing 

insurers to move toward a predictive type of operating model, in which operations are 

foresight based rather than reactive. 

The combination of external data, changing data management capabilities, and new 

digital services is giving rise to new digital service ecosystems for insurance, with 

implications for the future of commercial insurance products. Risk transfer as a service 

can be perceived as an adaptation of the insurance-as-a-service concept for commercial 

insurance. The concept of product-market fit, widely used by startups, seems particularly 

relevant for commercial insurers in assessing the adequacy of their service offerings and 

identifying new opportunities. New entrants can take advantage of the collapse of 

rudimentary barriers to entry enabled by the platform economy, gaining customer 

traction in specific niches of risk and then expanding their service offering. 

1.3. Digital Transformation in the Insurance Industry 

Based on a subset of major drivers, digital transformation in the insurance sector can be 

explained as the strategic reorientation of an insurer in response to changing regulation, 

rapidly evolving data-related opportunities, increasing customer expectations, and 

disruption by emerging players. An insurer's state of transformation can be evaluated by 

indicator metrics measuring performance and its fit with the transformation strategy. 

Individual stakeholder actions that directly leverage advanced technologies and data 

affect the insurers' systems and collective business ecosystem on which the 

transformation is predicated. 
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The insurance industry is subject to a growing number of competitive and 

transformational pressures as it makes increasingly explicit investments in digital 

technologies across all constituencies and levels of capability. Support for digitalisation 

is being driven by narrower cost margins amid a progressively less profitable 

underwriting cycle; regulatory support for modernising back-end services; and a new 

generation of digitally demanding customers and business partners. Despite these 

pressures, transformation indicators derived from strategic drivers point to inertia in the 

adoption of the new service models characteristic of industry platform plays, in which 

insurers act as orchestrating entities within a co-creation ecosystem. Recent performance 

metrics suggest that the transformation risks falling short at many incumbents, although 

those that have made deeper investments into technology adoption are reaping richer 

dividends than their rivals. 

1.3.1. Drivers and Determinants of Transformation 

Digital innovations have the potential to change everything about a product, its delivery, 

the target audience, and the context in which it is delivered. Why, then, is the 

transformation journey note that this remains for some industries more not so much 

painful but more demanding? Delone and Mclean observe that the non-empirical 

literature reports that much of the transformation appears piecemeal. The reasons seem 

to relate more to an organization’s culture than to the product itself or its technolog 

nomination to the product. 

 

Fig 1.2: Beyond Technology: A Cultural and Structural Framework for Digital 

Transformation and Multi-Sided Service Platforms in Insurance 
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This is not to deny that there are severe external pressures towards transformation. The 

reasons why organizations choose to embark on transformation and the models these 

transformations attempt to emulate and to achieve. A framework showing primary 

external drivers influencing the transformation journey and an additional group of 

enablers and inhibitors of the journey within the insurer. The enablers and inhibitors are 

now discussed in more detail prior to moving the consideration of transformation within 

insurers onto service delivery models and platforms. The discussion of platforms 

considers platforms in the broadest sense, as systems that connect two or more markets 

in a value-adding service. Four levels of service platform are defined. 

1.3.2. Service Models, Platforms, and Ecosystems 

Several strategic drivers, including evolving regulations, burgeoning data volumes, 

customer expectations, competition, and the platform economy, are instigating digital 

transformation. While these determinants create a conducive environment, successful 

transformation ultimately depends on organizations’ strategic intent and ability to 

recognize and respond to change. A comprehensive and up-to-date understanding of 

forces shaping an organization’s business landscape is necessary. Yet the precise 

relationship between transformation drivers, implementation, and its impact on 

organizational competitiveness remains ambiguous. Poor economic circumstances can 

compel organizations to prioritise short-term profitability over long-term strategic 

investment, weakening their competitive advantage. Establishing, cementing, and 

sustaining advantage necessitates continuous investment, ingenuity, and nimbleness to 

remain ahead of disruptive transformation. 

As these considerations suggest, insurtech-driven transformation is redefining industry 

service models. Insurers-as-a-service provide API-based point solutions, while the 

insurer-as-platform model integrates multiple offerings. Partnerships with technology 

companies help insurers utilize cutting-edge solutions, data, and engagement 

capabilities, while teams collaborate with startup technologies. The aggregation model 

enables multiple insurance entities to offer products and services through a jointly 

developed platform. A shift from value delivery to value co-creation can catalyse 

competitive advantage, creating internal and external ecosystems to build and deliver 

new insurance product and service combinations. Ecosystem-based strategies, especially 

digital ecosystems, are becoming pivotal in enhancing customer experience, increasing 

share of wallet, and improving response and completion times, with speed of response 

emerging as the top success factor. 
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1.4. Architecture of Intelligent Insurance Systems 

The architecture of intelligent insurance systems comprises multiple layers: 

infrastructure and application platforms; data architecture and information management; 

AI and analytics capabilities; business rules; workflows; interfaces; and governance. 

Infrastructure and application platforms define the core in-house environment and 

constituent business applications. The data architecture addresses information-related 

capabilities and services, including management and controls for data quality, lineage, 

and stewardship, analytics development, and deployment. The remaining layers, 

including models, workflows, governance, and the associated interfaces, can be regarded 

as forming the intelligent insurance framework. The definition of intelligent insurance 

systems emphasizes not only the underpinning data, AI, and automation technologies 

but also efficient integration and consumptive access to those capabilities across the 

organization. Thus, valid architecture must incorporate these considerations for 

interoperability, scalability, appropriate usage, and model risk management. 

The data architecture addresses the set of capabilities within an organization that support 

information management and control, including data quality, lineage, and stewardship; 

information integration; and the data itself. These capabilities underpin and sustain the 

organization’s models and analytics, including external models and those provided by 

third parties, and are essential to the reliability, consistency, interpretability, and 

effective usage of the information. Given the widely acknowledged data-related 

challenges faced by the insurance industry, the data architecture is of particular 

importance in democratic insurance. A well-defined data architecture enables 

organizations to establish and embed global standards and controls for data quality, 

ownership and stewardship, information provenance (lineage), and model monitoring 

across the organization, thus improving decision quality and building stakeholder trust. 

1.4.1. Data Architecture and Information Management 

Intelligent insurance systems generate value by harnessing data analytics and AI. 

Insurers use data across the value chain to improve core operations, such as underwriting 

and fraud detection, and develop innovative products and capabilities—in new risk 

scoring, customer support, or cyber services—that attract new customers. Data is 

therefore the lifeblood of intelligent insurance, and inadequate data quality, lineage, or 

governance affects business decisions and model performance and in turn hinders 

business value. Establishing a data architecture to manage data quality, provenance, and 

stewardship across the system underpins reliable analytical results. 

Quality controls address accuracy, completeness, consistency, timeliness, and 

uniqueness of the data. Poor quality in the household or vehicle databases, for example—
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resulting from incorrect addresses or missing vehicle characteristics—can severely 

impact risk monitoring or fraud detection. Data lineage tracks the origins and 

transformations of individual data items, offering stakeholders visibility into data 

sources and associated metadata, supporting training and testing of ML models, and 

enabling backtracking of model predictions or decisions. Data stewardship applies 

governance frameworks, policies, and tooling across the data lifecycle, building business 

accountability and oversight among users, custodians, and producers. A data catalog 

serves as a single source of data-related information, detailing owners, certifications, 

mappings, schema definitions, access rights, and quality metrics for all data items. 

1.4.2. AI and Analytics Infrastructure 

Intelligent insurance systems leverage extensive datasets—structured, semi-structured, 

and unstructured—feeding AI-driven analytical engines to deliver advanced capabilities 

such as risk scoring, augmented customer engagement, and fraud detection. 

Consequently, the infrastructure for AI and analytics embraces model and application 

development, continuous operations, explainability, and adherence to security and 

privacy measures. 

MLOps, or DevOps for machine learning, embody a set of practices aimed at automating 

and enhancing the lifecycle of machine-learning applications. Similar to DevOps, 

MLOps establishes continuous feedback loops to connect stakeholders—model 

developers and owners, IT and security operation teams, governance and compliance 

functions, and business users. MLOps encompasses multiple stages of the lifecycle, 

including model development, testing, deployment, monitoring, and retirement. 

However, unlike conventional application development, MLOps also emphasizes 

aspects such as model selection and training (or retraining of preselected best-

performing models), explainability (for model validation, regulatory acceptance, 

accelerating adoption, fraud detection, and product enhancement), and various lifecycle 

dependencies (for data procurement and preparation). 

The combination of explainability and the MLOps framework addresses the security and 

privacy concerns often associated with machine-learning algorithms, particularly deep-

learning models. Model training relies heavily on multiple data assets, frequently of 

unknown provenance, leading to a lack of transparency with regard to authorizations for 

the included data. These challenges further underline the necessity of data governance. 
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1.5. Risk Management, Compliance, and Governance 

All intelligent insurance systems rely on data and analytics for several strategic use cases 

in underwriting, pricing, claims management, fraud detection, loss mitigation, customer 

engagement, and marketing. Naturally, analytics also play a key role in governance and 

compliance by providing a continuous view of risk exposures. The considerable rise in 

the usage of predictive models brings new and complex challenges, ensuring that 

regulatory requirements surrounding model risk are met. 

Model risk—the risk of excessive loss due to inaccurate or misapplied predictive 

models—has received heightened attention from regulatory bodies and financial 

institutions. It has become a requirement for financial institutions to have a model risk 

management framework in place. Each model's risk exposure is defined by the degree 

of reliance placed on the model, the quality of the inputs, the inherent limitations of the 

modelling methodology, and other risk mitigants available. A typical model risk 

management framework includes procedures for the development, usage, validation, 

maintenance, and decommissioning of models. Model acceptance criteria are based on 

the criticality of the model, the data used, and the results generated. 

Model validation encompasses testing, backtesting, benchmarking, sensitivity analysis, 

model point-in-time and through-the-cycle calibration, drift monitoring, and front-to-

back validation. The model validation methodology is customized to suit the contexts of 

model usage and estimation. A formal governance structure provides adequate oversight 

and independence to the model validation process. Validation and development teams 

report to different committees, and the results of all validations are periodically reported 

to Model Risk Committees. 

1.5.1. Model Risk and Validation 

Given the pervasive use of models in regulation and risk-related activities in the 

insurance industry, it is essential that their outputs are accurate, fair, explainable, and 

usable. Model risk arises when the actual outcomes of a model differ from the expected 

results because the model is mis-specified or the inputs or results are misinterpreted. 

Model risk can manifest in many ways, such as inaccurate or biased parameter estimates, 

inappropriate choice of model, poor model performance or fit, or the misinterpretation 

of a model's result. 

Model validation is a process of assessing, on an ongoing basis, whether the performance 

of a risk assessment model is acceptable or not. Validating models involves independent 

testing and backtesting that occurs at regular intervals and is informed by real-world 

experience. During model validation, acceptance criteria are established and endorsed in 

the validation report, allowing models to be used without modification or adjustment, or 
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requiring outputs to be taken with caution, or determining that models are unacceptable 

for use. Independent validation should be performed before deploying any model to 

inform its final specification and the basis for its approval and may provide a second 

opinion on other aspects of model risk for other responsibilities related to operating the 

model. Model validation must be thorough, practical, and realistic in approach. 

 

Fig 1.3: A Strategic Framework for Model Risk Management in Insurance: Sustaining 

Integrity Through Independent Validation and Iterative Backtesting 

1.5.2. Regulatory Compliance and Privacy 

Developers and firms have a responsibility to ensure that their data-driven services and 

products comply with existing regulatory requirements. Such regulations pertain to data 

protection, privacy, and non-discrimination considerations. Regulators and internal 

compliance teams require different information to perform audits: regulators require 

information to justify making a decision such as designing fines, whereas compliance 

officers need to validate compliance continuously. Important aspects include data 

protection regimes, governing rules on consent, cross-border data flows, auditability of 

the data engineering process, and non-discrimination. 

Data protection is typically governed by data protection and privacy regimes that set out 

rules on the treatment of personal information. The biggest and most documented regime 

is the European General Data Protection Regulation (GDPR). Companies must be able 

to demonstrate compliance with data protection and privacy regulations, including the 
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legal basis for collecting, processing, and storing personal information; how consent is 

captured and can be retracted; the technical process to facilitate the individual rights 

related to personal information; and how external data are processed. Data protection 

regulators have a special interest in explaining how specific data-driven services comply 

with the GDPR. Compliance must be demonstrated clearly, both for specific data-driven 

services and in general. 

For other data-driven services that are also aimed at people, the focus is on fairness or 

non-discrimination. Here, the aim is to disclose that mechanisms are in place to monitor 

and test for fairness, rather than being free from discrimination. Non-discrimination is 

typically assessed in the case of an incident, rather than during normal operations. The 

provision of support through systems injecting fairness in learning algorithms may also 

be interesting to regulators. 

1.6. Data Strategies for Intelligent Insurance 

Intelligent insurance relies heavily on quality data. Inadequate data quality diminishes 

the reliability of predictive models and analytical outputs, jeopardizing business 

objectives and stakeholder confidence. A sound data strategy addresses quality control, 

provenance and lineage, stewardship responsibilities, integration across silos and 

ecosystems, and interoperability among systems as essential enablers of trusted 

analytics. 

Numerous issues surrounding data quality—such as refuting ambiguous data, evaluating 

bias, detecting tampering, testing veracity, and assessing currency—are well known. 

Poor-quality data skews time-series forecasts for excess mortality, places undue burden 

on reinsurance companies during natural disasters, and leads to ill-founded claims 

assessments. Moreover, without proper data stewardship and provenance, it is difficult 

to ascertain cause-effect relationships in high-dimensional data. The consequences are 

far-reaching: in 2023, news coverage attributed the downing of a US surveillance balloon 

to erroneous intelligence data, emphasizing the relevance of data quality to all Decision 

Intelligence applications. Availability and traceability of data seem paramount for 

managing risk appropriately. Insurer boards should demand evidence of data quality 

measures and monitoring. 

With the gradual convergence of insurance ecosystems and API-based business models, 

reliable data integration across normally segregated data ecosystems becomes an 

imperative. Integration capabilities must span internal data silos as well as reliable data 

sources from both suppliers and clients. However, data integration remains a vexing 

problem for the industry. Despite the efforts associated with classic approaches to 

semantic interoperability, such as a common business vocabulary, these have yet to show 
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success in the industry. Data integration across data ecosystems has a new urgency due 

to the emergence of platforms. Clients expect digital partners to have a 360° view of 

their interactions with diverse actors, allowing seamless services. As a result, new 

solutions are required, and at least three recognize schema mapping as key. 

Only when the integration challenge is dealt with is it possible to seriously tackle the 

hard issue of semantic interoperability. For the intelligent insurance architecture, as well 

as for a larger ecosystem formed by tech companies and insurers, open semantic web 

technologies may hold the answer. Initiatives are under way to shape the necessary 

foundation for a genuine open hypermedia-based ecosystem—an idea proposed by Tim 

Berners-Lee more than twenty years ago. 

1.6.1. Data Quality, Lineage, and Stewardship 

Reliable data is fundamental for intelligent insurance, as it serves as input for analytical 

models and informs operational activities, risk evaluation, compliance, strategic choices, 

and marketing initiatives. Poor-quality data—characterized as incomplete, erroneous, 

duplicated, outdated, misformatted, or invalid—significantly detracts from the efficacy 

and accuracy of models and systems. Furthermore, untrustworthy data can severely 

undermine public confidence in automated decision-making, especially when the data 

underpinning model inferences for sensitive areas, such as claims acceptance or 

underwriting, is inaccurate. 

Quality assurance processes should therefore be established throughout the data 

lifecycle—covering ingestion, storage, processing, and use—and be supported by 

guidelines, technologies, and a culture that prioritizes standards and governance of data 

at source. Quality is typically assessed across dimensions such as accuracy, 

completeness, consistency, and relevance, verified using a selection of tests relevant to 

the data in question, and monitored on an ongoing basis. Automated anomaly detection 

and performance monitoring, as well as backtesting and drift monitoring of predictive 

models, support these efforts. Data stewards are often appointed as designated staff or 

role-holders with specific responsibility for the quality of particular datasets or classes 

of data, examining them on a regular basis, resolving issues, and providing oversight 

along with accountability and auditability. 

1.6.2. Data Integration and Interoperability 

Seamless data integration and interoperability across platforms and ecosystems are 

prerequisites for accurate prediction and sound decision-making. However, the market's 

rapid evolution is outpacing information architecture. Globally distributed, multi-assets, 
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and hybrid-cloud ecosystems are growing in complexity. Databases, file systems, 

applications, and cloud platforms remain largely isolated; data sharing is typically 

accomplished through extensive extract-transform-load (ETL) pipelines that automate 

point-to-point data copying into a data warehouse. Achieving fast, comprehensive, and 

reliable computationally-intensive analytics requires a transition from a data-centric to a 

service-centric approach, where decision-making complexity is offloaded to intelligent 

models. In this context, interaction tasks can be more efficiently and transparently 

resolved as integration services and computing resources can be dynamically discovered 

and allocated through a business process. APIs act as service connection points that wrap 

around service providers. Semantic mapping of assets, APIs, and services facilitates 

ecosystem integration. 

The main integration challenge lies in semantic representation across the data sources in 

an ecosystem. An information schema produced by one actor may not suit the purpose 

of another but can still be used through proper semantic alignment and transformation. 

Extending the governance of the data life cycle to the continuity of data flow and 

exchange across ecosystems is also indispensable. Without a corporate-wide agreement 

on external data sharing practices that takes into account the legal aspects and the ethical 

component of reputation, it is difficult to set up and manage effective partnerships. 

1.7. Conclusion 

Intelligent insurance systems enable organizations to address long-standing challenges 

more effectively. The technology opportunities in intelligent insurance have been 

connected to service model orientations. An architecture for intelligent insurance 

systems has been described. Research established an intelligent insurance framework for 

action-oriented research, grounded on intelligent insurance concepts and multiple 

decades of research work and observation. Delivery of intelligent insurance remains a 

strong and rapidly advancing area of interest.. 

These findings advance understanding of intelligent insurance and digital transformation 

through an action-oriented framework and demonstrate that the intelligent insurance 

delivery model, the intelligent insurance processes of business and technology and their 

integration into technological and industrial delivery systems are becoming intelligent. 

Intelligent insurance, delivery processes and systems development and delivery are 

changing from a traditional process-based analytical orientation toward more intelligent, 

digital, data-driven and automated analytical-modeling-optimizing-action-orientations 

for every area of delivery and operations in insurance. 
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Fig 1.4: Evolution from Process to Action 

1.7.1. Final Thoughts and Future Directions in Intelligent Insurance 

The intelligent insurance approach, characterized by advanced data, AI, and automation, 

brings new capabilities and business models, capturing growing interest. Substantial 

investments are under way across core applications, enabling new, intelligent solutions. 

New paradigms, such as the platform economy and changing customer expectations, are 

driving digital transformation across all sectors and impacting insurance. Yet, within the 

insurance sector, research is nascent; empirical support remains limited, and much of the 

discussion has been largely anecdotal. It is critical to examine the challenges of change 

and identify the elements that make transformation a successful driver of a sustainable 

competitive advantage. Addressing this gap helps to improve understanding of the nature 

and dynamics of digital transformation in insurance, creating a basis for future research. 

The digital transformation of insurance encompasses the drivers, determinants, models, 

investment priority areas, barriers to adoption, and critical success factors. Four groups 

of drivers have been identified as shaping the transformation of traditional insurers: 

regulatory pressures, data and analytics, changing customer expectations, and the threat 

from incumbent technology firms. The determinants of transformation have been 

categorized into four main areas: digital-native technology, a data-centric business 

model, a data-first approach to customer engagement, and an agile culture and operating 

model. The application of intelligent insurance may facilitate the adoption of digital 
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transformation by enabling capabilities such as a data-first customer engagement model, 

a strong cloud foundation, and an ecosystem perspective. 
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