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Assessing the influence of digitalisation on systemic risk in 

the insurance sectors of European Union countries 
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A B S T R A C T 

Objective: The article aims to study how much digitalisation influences the systemic risk (SR) in the insur-

ance sector of European Union (EU) countries. 

Research Design & Methods: In this research, we introduce an innovative, quantitative method for exploring 

the impact of digitalisation and assessing the similarities and interconnections among all European Union 

countries’ insurance sectors from 2004 to 2018 within the framework of Industry 4.0. The study integrates 

statistical and econometric tools with network modelling techniques, focusing on the topological indicators of 

minimum spanning trees (MST) derived from multidimensional dynamic time warping (DTW) distances. We 

analysed two datasets. The first one comprises exclusively data describing insurance sectors, while the second 

incorporates data detailing both insurance sectors and the digitalisation processes of individual EU countries. 

We assessed the similarity of the sectors’ dynamics over the analysed period, examining network behaviour 

during subprime crises, periods of excessive public debt, and immigration-related crises in Europe. 

Findings: The proposed tools made it possible to determine how digitalisation contributes to the increase in 

systemic risk in the EU insurance sector over the periods examined and effectively measure similarity levels, 

and outline indirect connections between insurance sectors. 

Implications & Recommendations: Because similarity can be a potential indirect channel for systemic risk 

contagion, countries with comparable insurance sectors and shared digitalisation-related behaviours may un-

dergo similar repercussions during global financial downturns. Research endeavours in the insurance sector 

must consider digitalisation indicators that encompass technological advancements and consumer behaviour. 

Contribution & Value Added: We developed a new method to examine the similarity of the insurance sec-

tors of the European Union countries and to assess the dynamics of changes in this similarity in the era of 

Insurance 4.0. Such an analysis allows for a long-term assessment of the possibility of spreading threats in 

the insurance sector throughout the European Union. 
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INTRODUCTION 

The prevalent functional classification of financial institutions typically divides them into investment, 

deposit, and risk-dispersing institutions. The latter group includes entities such as insurance companies, 

reinsurance companies, life insurance firms, and those offering financial security for old age. Recognis-

ing the paramount importance of the insurance sector in economics and finance, and ‘given the diversity 

of initiatives and the high speed of developments, monitoring of digitalisation initiatives in the European 

insurance sector and assessing opportunities and risks have become an increasingly important priority’ 
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(EIOPA, 2024). Therefore, there is a compelling need for a thorough examination within the framework 

of the fourth industrial revolution, referred to as Insurance 4.0. Although the World Economic Forum in 

2018 (Schwab & Davis, 2018) was dedicated to the Fourth Industrial Revolution, participants gave rela-

tively little specific attention to the insurance sector itself. On the other hand, in IMF (2020) Staff Dis-

cussion Notes (SDNs) showcase policy-related analysis and research being developed by IMF staff mem-

bers and are published to elicit comments and to encourage debate. This document emphasises that 

due to technological progress and the ever-increasing possibilities of good use of this advanced devel-

opment, the threat of cyber risk is growing, which is becoming a cross-border and therefore systemic 

problem. The authors of the document ‘Cyber Risk and Financial Stability: It’s a Small World After All’ 

present the results of the discussion on this phenomenon. And although they do not devote special 

attention to the insurance sector, they do indicate the need to subject it to additional financial supervi-

sion due to its important position in the entire system. 

In Nicoletti’s work (2020), the rationale behind and how Insurance 4.0 can holistically revolutionise 

the insurance industry are explored. Nicoletti (2020) affirms that, thus far, insurance has largely remained 

on the periphery of the digital transformation wave. However, the global recession and the pandemic 

have inflicted severe blows on this industry. Post-pandemic, it becomes imperative to devise and execute 

innovative strategies within the insurance domain. Already, significant segments of the insurance industry 

are witnessing substantial impacts from digitalisation, particularly in the realm of distribution, which is 

undergoing a profound digitisation process. Digitalisation is poised to bolster other facets of the insurance 

industry’s value network as well, with customers eagerly anticipating the advent of Insurance 4.0. 

Ronken (2018) delves into the concept of Industry 4.0 and its significance for the insurance sector. 

Insurance 4.0 entails the seamless integration of insurance into a symbiotic ecosystem that fosters 

exchange-to-exchange (E2E) interactions, where information exchange benefits all participants. This 

interconnectedness not only expedites the evolution of the insurance sector but also introduces the 

risk of heightened susceptibility to systemic disruptions and the emergence of novel global risks.  

To effectively navigate these challenges and bolster resilience, it is imperative to conduct re-

search aimed at understanding, measuring, and predicting the evolution of interdependencies be-

tween various risk types, thereby necessitating the introduction of new concepts to traditional risk 

management frameworks. 

The present article adopts a unique approach by analysing data pertaining to the insurance sector 

and the levels of digitalisation across the 28 EU countries, employing network theory and the multidi-

mensional DTW algorithm. It addresses a notable gap in the existing literature by exploring the dynam-

ics of similarity among insurance sectors across countries following the EU enlargement. 

The next two sections delve into the insurance sector within the context of Industry 4.0, systemic 

risks within the insurance industry, and present the data used in the analysis. Then, in the following 

section, we outline the methodology, featuring DTW and MST, elucidating MST topological indicators 

and introduce a novel approach to MST construction. The next section presents the results, analysing 

the interconnections between countries, thereby shedding light on potential pathways for the trans-

mission of financial issues. The study concludes by offering insights into the ramifications of digitalisa-

tion on the insurance sectors of EU countries. 

LITERATURE REVIEW 

In this section, we present the literature review concerning phenomena connecting the fourth industrial 

revolution with systemic risk in the insurance sector, and we motivate the use of the DTW algorithm. 

Fourth Industrial Revolution in the Insurance Sector 

Technological advancements are fundamentally reshaping production methods and driving economic 

growth. The initial industrial revolution, which sparked in the eighteenth century, harnessed steam 

power and mechanised production. Subsequently, the second industrial revolution emerged in the nine-

teenth century with the introduction of electricity and the assembly line. The third industrial revolution, 

beginning in the 1970s, brought about partial production automation through programmable memory 
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controllers and computers. According to Hilbert (2020), in the late 1980s, less than 1% of data was digital, 

while by 2012, 99% of the world’s information had become digital. Presently, we find ourselves amidst 

the fourth industrial revolution, commonly referred to as ‘Industry 4.0,’ characterised by the integration 

of information and communication technologies into industrial operations. We may find an example in 

the burgeoning LendTech sector within FinTech (Kaur & Singh, 2023; Waliszewski et al., 2024). 

This transformative phase, driven by artificial intelligence (AI), the Internet of Things (IoT), robotics, 

and big data, is reshaping global economic systems, including the insurance sector. However, Lyons 

(2019) highlights the insurance sector’s limited or slowed involvement in the fourth industrial revolu-

tion. Simultaneously, it underscores the immense potential for transforming insurance into Insurance 

4.0. Masiello (2020), in the book ‘Insurance Agency 4.0: Prepare Your Agency for the Future; Develop 

Your Road Map for Digitalisation; Increase Profit, Scalability and Time,’ gathers solutions and strategies 

for insurance agents and the sector to support the development of Insurance 4.0. Eling and Lehmann 

(2018) argue that while other industries have already undergone significant transformation through 

the integration of analogue and digital worlds with new technologies, the insurance industry’s trans-

formation has been relatively slow, with digital technologies yet to be fully exploited. They support 

their argument by analysing 84 scientific articles and creating a database of research, articles, and 

working papers assessing the impact of digitalisation on the insurance sector, focusing on business and 

economic literature on risk and insurance. From their analysis, we can conclude that the relationship 

between new technologies and insurance will raise numerous new research questions. 

Industry 4.0 brings forth many new issues and questions for the insurance sector. Participants in the 

Swiss Risk and Insurance Forum in 2016, 2018, and 2019 discuss the digitalisation of the insurance sec-

tor, summarising the main topics and findings from these forums (Albrecher et al., 2016; Albrecher et 

al., 2018; Albrecher et al., 2019). The events gathered experts from the insurance industry, regulatory 

bodies, and consulting firms to discuss the challenges arising from the impact of data science and digi-

talisation in the insurance sector. Eling and Lehmann (2018) assert that the academic community should 

also be part of the discussion on how to utilise digital technologies in the economy and society. 

In a comprehensive analysis, as presented in the paper (Denkowska et al., 2023), the authors ob-

serve notable disparities in the insurance markets of EU countries. Factors such as a nation’s economic 

development, household wealth, and insurance premiums significantly influence the structure of its 

insurance market. Building upon the research by Denkowska et al. (2023), we continue to investigate 

the impact of digitalisation on the insurance sector of EU countries and its dynamics. To evaluate the 

dynamics of changes and their impact on development in these countries, we employed the multidi-

mensional DTW algorithm, assessing classic measures describing the insurance sector. These measures 

include insurance market penetration, insurance market density, insurance market concentration, av-

erage value of total insurance assets, investment to GDP ratio, and the number of companies in the 

total market per 1 million inhabitants. To examine the quantitative impact of digitalisation on the EU 

countries’ insurance sector, we utilise appropriate indicators to gauge digitalisation levels in various 

aspects of society. These indicators cover five key areas of digitalisation development: broadband in-

ternet and household connectivity, the percentage of households with an internet connection, people 

with ICT education based on employment status, online activities such as banking and information 

searches, individual online shopping behaviour, and efforts to promote e-commerce and digital inte-

gration among individuals. Our research spans the period of 2004-2018. In the context of the fourth 

industrial revolution, the Digital Economy and Society Index (DESI), established in 2014, serves as a 

crucial development indicator, which we considered separately in our research. 

Systemic Risk in the Insurance Sector 

The insurance market is now an integral component of the comprehensive safety net within the 

European Union financial market. This inclusion stems from the imposition of financial management 

rules on insurance companies, the establishment of regulations on the capital requirements of mar-

ket entities, the introduction of common principles for public and internal supervision, the enforce-

ment of strict procedures for financial services provision, and the extension of consumer safety guar-

antees. Oversight of the Union’s financial security is conducted by the European Banking Authority, 
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the European Insurance and Occupational Pensions Authority (EIOPA), and the European Securities 

and Markets Authority. 

EIOPA’s primary goal is to ensure the effective implementation of legislation in the insurance sector 

to maintain financial stability and adequately protect consumers of financial services. Financial crises 

have underscored that SR is a crucial issue in a globalised economy. Despite historically insurance sec-

tor was viewed as a non-generating SR, in-depth research following the AIG crisis in 2008 has revealed 

the potential for the insurance sector to create or increase SR. 

Academic research aims to identify effective predictive methods that support macro-prudential 

supervision. A key requirement for successful regulation and supervision is the authority’s ability to 

collect and analyse comprehensive insurance market data. According to IAIS, IMF, and NAIC, collected 

data should offer the opportunity to assess insurance activity and risk based on indicators related to 

profitability, income generation, capital/provisions and leverage adequacy, liquidity, underwriting per-

formance, risks, investment performance, and reinsurance performance and risks. 

Kwon and Wolfrom (2017) discuss the analytical tools used by supervisory authorities for market 

and macro-prudential purposes in 24 OECD countries and beyond. The indicators described assess the 

insurance sector, including aspects of validity, competition, scope of activity, insurance market risk, 

and SR. The article presents information on monitoring indicators related to interconnections and 

changes in asset allocation – two areas with potential SR implications. 

The OECD describes how 24 selected countries undergo Insurance Market Risk analysis with periodic 

reviews of market risk, key indicators, interconnectedness, changes in asset allocation, and stress testing 

indicators. A common analytical tool used in many countries involves periodic reviews of specific types 

of risk for the functioning of insurance markets. In Europe, insurance regulators contribute to the analysis 

of financial stability by publishing reports prepared by EIOPA every two years. The document by the EI-

OPA (2017) initiated a series of documents on SR in the insurance sector, supporting macro-prudential 

policy and contributing to the debate on the specific nature of insurance activity in the context of SR. 

The International Association of Insurance Supervisors (IAIS), which aims to promote effective and 

globally consistent supervision of the insurance industry, brings together insurance supervision au-

thorities from over 130 countries and international entities, including the OECD, World Bank, and In-

ternational Monetary Fund. In July 2013, nine insurance institutions were identified as Global System-

ically Important Insurers (G-SIIs), marking institutions of particular importance for global financial sta-

bility due to their size, market power, and global connections. The criteria for determining systemically 

important insurance institutions (EIOPA, 2017) include size (5%), global activity (5%), interconnected-

ness (40%), asset liquidation (45%), and substitutability (5%). Given the substantial weight assigned to 

interconnectedness, minimum spanning trees (MST) indicators and networks between countries are 

utilised to analyse the potential generation and spread of SR. 

Regulation (EU) 2019/2176 of the European Parliament and the Council, amending Regulation 

(EU) No 1092/2010 outlines the determination of systemic risk. It establishes a European Systemic 

Risk Board and defines SR as undesirable events with systemic importance, affecting the financial 

system and the real economy. The reasons for the implementation of these events are systemically 

important, with general and specific reasons mainly related to the financial sector. The conse-

quences of these events impact the real economy. The need to analyse systemic risk is highlighted 

in many studies on risk management (Jajuga, 2023). 

We may find various concepts of systemic risk analysis in Harrington, 2009; Adrian and Brun-

nermeier, 2016; Jajuga et al., 2017; Bisias et al., 2012. Moreover, we find an approach based on differ-

ent measures, e.g., conditional value at risk (CoVaR) and ∆CoVaR (Adrian & Brunnermeier, 2016), Co-

Risk (Chan-Lau, 2010), marginal expected shortfall (MES) (Acharya et al., 2017), dynamic causality in-

dex (DCI) (Billio et al., 2012), SRISK (Brownlees & Engle, 2017), systemic contingent claims analysis 

(Gray & Jobst, 2013). In recent years, apart from the measurement methods presented above, network 

analysis has become the basic tool for examining systemic risk where connections are established using 

different methods: Granger causality networks (Billio et al., 2012), vector autoregression model (vari-

ance decomposition (Diebold & Yılmaz, 2014)), information theory (transfer entropy (Bekiros et al., 

2017)). Relevant associations are captured by, e.g., minimum spanning trees; glasso, tlasso methods 
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(Torri et al., 2018) and using topological network indicators derived from graph theory (Denkowska & 

Wanat, 2019; 2020a; 2020b; 2021; 2022). 

We analysed the indirect links of institutions within the insurance sectors of EU countries, ex-

pressed by the similarity in the areas of insurance markets, considering digitalisation indicators. We 

assumed that in groups of countries with similar insurance sectors exhibiting comparable behaviours, 

economic conditions (e.g., GDP), and a similar level of internet access and usage, we would observe 

similar behaviours in the event of a crisis. Hence, we encoded the SR transmission channel between 

sectors of EU countries in the apparent similarity of these sectors. The literature does not typically 

analyse the global (entire insurance sector) approach to SR. We analysed the entire insurance sector 

of EU countries based on data describing entire sectors and not individual insurers. The proposed ap-

proach in this article is innovative. The novelty is the new construction of MST based on the multivar-

iate DTW algorithm. We present this construction in the methodology section. 

Dynamic Time Warping Motivation 

Dynamic time warping stands as one of the algorithms designed for assessing the similarity between 

two time series of varying lengths, even those that may exhibit temporal differences. Originally intro-

duced in the 1960s by Bellman and Calaba (1959), DTW has gained prominence in recent years, emerg-

ing as the preferred distance measure for various time series data mining applications. Widely utilized 

in non-economic fields such as speech recognition (Sakoe & Chiba, 1978), image processing (Cedras & 

Shah, 1995), motion recognition (Geiger et al., 1995), ECG analysis, biometrics, signal analysis, and data 

mining (Keogh & Pazzani, 2000), DTW has demonstrated its versatility. 

In a study by Petitjean et al. (2011), the non-parametric DTW measure of similarity outperformed 

other measures like the Pearson correlation coefficient. However, despite its potential, Franses and 

Wiemann (2020) assert that economic research has not fully harnessed the capabilities of dynamic 

time warping. Notable exceptions include the study of Wang et al. (2012), representing some of the 

few instances where the DTW technique has been applied in economic research. 

Noteworthy, the DTW algorithm goes beyond mere distance calculation. It captures the underlying 

similarity between time series. In our research, we used the multidimensional DTW algorithm. We 

used this measure of similarity of multivariate time series here as the value assigned to the edges 

between MST vertices that correspond to the insurance sectors of EU countries. 

To sum up this introduction to the examined issue, we would like to emphasise that our contribu-

tion to the development of the methodology and our empirical research fills a research gap. The pro-

posed methodology allows for a multidimensional analysis of the insurance sectors of EU countries. 

We will empirically confirm that the topological indicators of innovatively constructed MSTs allow for 

the assessment of systemic risk in the European Union insurance sector. The study provides evidence 

that the analysis of systemic risk in the insurance sector should take into account society’s activities 

related to digitalisation. The dynamics of the structure of connections between the insurance sectors 

of EU countries change if we consider the processes of the Industrial Revolution 4.0. The effects of the 

Revolution 4.0 may increase threats in the entire insurance system. 

RESEARCH METHODOLOGY 

In this section, we present the data and tools used in the research. We considered two datasets: the first 

one characterises the insurance sector, while the second one describes consumers’ behaviour in the con-

text of digitalisation. We use tools such as the MST based on three types of weights. The first weight is 

determined using the Mahalanobis distance, while the other two are derived from the DTW algorithm 

applied in two different ways. The main goal of this research was to analyse the dynamics of the MSTs 

structure. We followed topological indicators of the MSTs to observe when and how potential risks may 

propagate during the period 2004-2018, focusing on different crisis subperiods within this timeframe. 
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Dynamic Time Warping Algorithm and Minimum Spanning Tree 

In this part, we present the tools used in the research. We discuss the mechanism of the DTW algo-

rithm, the construction of MSTs, as well as the indicators describing the structure of these MSTs and 

their interpretation in the context of systemic risk (Denkowska & Wanat, 2022). 

We considered two time series X = �x�, … x�	 and Y = �y�, … y�	 for n� � 1 2 , , … , , N �,
m� �1 2 , , … , , M �, and N, M��.

We denoted by S the space of the series elements that we compare 

Therefore ��, �  � S for n� � 1 2 , , … , , N � and m� �1 2 , , … , , M � .
To compare different features, you need a local measure of costs, sometimes also known as a local 

distance measure, i.e. a function ": $ × $ → '(. Usually, c(x,y) is small (low cost), if x and y are similar;

otherwise c (x, y) is large (high cost). Determining the local cost measure for each pair of terms of X 

and Y series, we obtained a cost matrix )*×+ defined by )�,, -	 ≔ "���, � 	. 
The local cost measure can be determined by e.g., "���, � 	 = |�� − � | or "���, � 	 = ��� − � 	1.

Then the warping path is determined. A warping path is a sequence 2 = �2�, … ,  23	,
for 24 = �,4 , -4	 ∈ �1, … , 6� × �1, … , 7�, for 8 ∈ �1, … , 9� and meets the following conditions:

(i) Boundary condition: 2� = �1,1	 and 23 = �6, 7	
(ii) Monotonicity condition: n� ≤  n1 ≤  . . .  ≤  n; and m� ≤  m1 ≤  . . .  ≤  m;

(iii) Step size condition: w4(� −  w4 ∈  ��1,  0	, �0,  1	, �1,  1	� for k ∈ �1, … ,  K −  1�.

Note that the step size condition (iii) implies the monotonicity condition (ii), which is nevertheless 

explicitly cited for the sake of clarity. The warping path 2 = �2�, … ,  23	 defines the alignment be-

tween two series X = �x�, … x�	 and Y = �y�, … y�	 by assigning an item �� from @ to the item

�� from A. The boundary condition (i) forces the first elements of X and Y respectively and the last

elements of X and Y to be aligned respectively with one another. In other words, the alignment applies 

to the entirety of the X and Y sequences. The monotonicity condition reflects the requirement for 

faithful timing: if an element in X precedes the other, this should also be maintained for the corre-

sponding elements in Y and vice versa. Finally, the step size condition expresses a kind of continuity 

condition: no element in X and Y can be omitted, and there are no repetitions in the alignment (in the 

sense that all the pairs of indices included in the warp path p are pairwise distinct).  

The total cost "B�@, A	 of the warping path 2 between X and Y with respect to the local cost

measure c (x, y) is defined as cB�X, Y	 ≔ D "���4 , � 4	
3

4E�
An optimal warping path between X and Y is denoted by 2∗ – it is a warping path with the minimum

total cost of all possible paths. 

GHI�@, A	 ≔ "B∗  �@, A	 = min�"B�@, A	, where 2 is an �6, 7	 warping path�.
Most studies in the literature consider only the one-dimensional case. The generalisation of DTW 

to the multivariate case is typically approached in one of two ways: dependent or independent warp-

ing. An algorithm that differentiates between data types and adapts the computation of multivariate 

DTW is discussed in Shokoohi-Yekta et al. (2017). Machine learning mechanisms can serve in the pro-

posed approach, as described by Zhao et al. (2016), to learn multiple local Mahalanobis distance met-

rics for k-nearest neighbour (kNN) classification of temporal sequences. 

Identifying, measuring, and predicting systemic risk within the financial sector necessitates em-

ploying tools that facilitate the assessment and quantitative analysis of the entire system. The inter-

connectedness pattern among the elements within the system plays a pivotal role in understanding its 

behaviour (Boccara, 2003). Indeed, one cannot fully comprehend a system by isolating its individual 

components (Andrzejak et al., 2024). A widely adopted approach to scrutinising interaction patterns 

within a given system involves constructing a network (graph) comprising nodes and edges (Albert, 

2002). Thus, we employed network theory in our research. 

The MST utilised in our study, introduced by Kruskal (1956), encapsulates information about the 

global structure of the network, simplifying analysis by capturing the most significant connections 

among the studied entities. A minimum spanning tree is a connected and acyclic graph with the least 
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sum of weights assigned to each edge. Numerous recent studies in economics and finance leverage 

MSTs to investigate the topological structure of these networks. For instance, Andrzejak et al. (2024) 

analysed the currency network using various methods to determine the distance between nodes and 

compare the topological structures of the resulting networks. They identified a method that effectively 

describes the currency market’s dependence structure, particularly sensitive to changes. 

In our case, the vertices of MST are the insurance sectors of individual EU countries, and we assign 

a distance to each edge, as an innovation, we shall do this in three different ways (see the next point). 

The purpose of the modification of the MST structure, which was originally proposed by Mantegna 

(1999), is to use MST indicators to analyse the similarity dynamics of EU insurance sectors. The edges 

with the lowest weights are interpreted as relatively short distances and hence show great similarities 

between the pairs of EU insurance sectors. 

Topological MST Indicators and Their Interpretation in the Context of Systemic Risk 

We analysed the time series of selected MST topological indicators such as average path length (APL), 

maximum degree (Max.Degree), parameters ‘alpha’ of the power law of the degree distribution (al-

pha), network diameter (Diameter), assortativity. 

Average path length (Wang et al., 2014). This indicator is defined as the average number of steps 

along the shortest paths for all possible pairs of network nodes (vertices). It measures the effectiveness 

of information flow or mass transport in a given network. APL is one of the strongest measures of 

network topology, along with its grouping factor and degree distribution. It distinguishes an easy-to-

go network from a more complex and inefficient one. The smaller the average path length, the easier 

the flow of information. Of course, we are talking about average, so the network itself can have several 

very distant nodes and many adjacent nodes. 

Maximum degree (Wang et al., 2014). This is the number of edges connected to a given vertex. If the 

maximum degree is growing, it means that in the group of insurers, some insurer has many more con-

nections with others. In a situation of shock, in such a vertex, the risk of spreading its effects increases. 

Parameter α of the vertex degree distribution required to follow a power law (Wang et al., 2014). 

This indicator measures the scale-free behaviour of a network (Rak & Rak, 2020). The network is called 

scale-free if the distribution Q�R	 of the number of links between the vertices follows a power law, i.e. 

it has (asymptotically) the form Q�R	 = ) ∙ RTU ,  V > 0, where V is a parameter specific to the given 

network. The power law followed by the degree distribution gives the network a kind of fractal self-

similarity properties, which explains the name. A scale-free network is characterised by a small number 

of vertices having a large number of connections (such nodes are called hubs) and many vertices that 

have only one connection. Such a network is ‘favourable’ to the propagation of systemic risk, and the 

companies-hubs that it has are systemically relevant. If the MSTs are scale-free, with the alpha value 

being closer to 2, it means that the MST structure is star-shaped, the hubs are high-degree nodes. 

Diameter of the network (Li et al., 2018). It is determined by choosing from among all the shortest 

paths connecting any pair of vertices the longest one. For MST, this is simply the longest path in the 

MST. When the diameter decreases, it means that the farther lying nodes become closer. 

Assortativity (Newman, 2002) is a graphic measure. It shows to what extent nodes in the network 

associate with one another by similarity or opposition (positive or negative mating). Basically, the net-

work’s assortativity is determined by the degree (number of direct neighbours) of nodes in the network. 

Assortativity is expressed as a scalar -1 ≤ρ≤ 1. The network is said to be assortative when high-degree 

nodes are mostly connected to other high-degree nodes, while low-degree nodes are mostly connected 

to other low-degree nodes. The network is said to be non-assortatative when high-degree nodes are 

connected mostly to low-degree nodes and low-degree nodes are mostly connected to high-degree 

nodes. Assortativity provides information on the structure of the network, but also on its dynamic be-

haviour and robustness. The original definition of assortativity (Newman, 2002) for unweighted, undi-

rected networks is based on the correlation between random variables. A negative assortativity means 

that in each state the tree is rather non-assortative, i.e., the vertices tend to merge rather on a less similar 

basis: those that have a high degree with those that have few connections. This is usually associated with 

the previously described property of a scale-free network. 
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MST Construction 

In this part, we present how the MST is constructed in three different ways. The proposed methods 

allow for capturing the dominant structural patterns in the analysed time intervals. By analysing the 

topological indicators of each MST, which describe their structure, we assess the dynamics of changes 

in the interconnections between EU insurance sectors. To fully reflect the dynamic relationships, MSTs 

are constructed in three different ways, also using a rolling window approach. The first method assigns 

weights to the edges based on the standard Mahalanobis distance, calculated year by year between 

pairs of EU insurance sectors. The second method uses a multidimensional DTW distance as the edge 

weights. The distance between time series is determined incrementally for each subsequent year. The 

third method applies a multivariate DTW distance calculated over four-year periods. For each year, we 

determine the distance between the time series using the data from the corresponding four-year win-

dow. For each type of MST construction, we also provide an explanation of how to interpret the infor-

mation contained in each constructed MST. 

MST Based on the Mahalanobis Distance 

For fixed multidimensional vectors describing a given country, we considered the Mahalanobis dis-

tance, which is the distance between two points in a multidimensional space that differentiates the 

contribution of individual component coordinates of points and uses the correlations between them. 

It is defined as X ��, �	 = Y�� − �	Z)T��� − �	, where � = [��, … , ��\,  � = [��, … , ��\ are vec-

tors from ℝ� and ) is a symmetric, positive definite matrix. This distance is commonly referred to as

the Euclidean weighted distance, where )T� is the weight matrix. While Euclidean distance measures

the straight-line distance between two points, the Mahalanobis distance takes into account correla-

tions and the spread (variance) of the data. This means that if the data is stretched in a certain direction 

(e.g., due to variable correlation), the Mahalanobis distance will ‘shorten’ the distance along that di-

rection. Since we aimed to capture similarities between multidimensional datasets, and because the 

Mahalanobis distance is also robust concerning differences in measurement units and scales, its appli-

cation is more appropriate for our research than that of the standard Euclidean distance. Further, using 

Kruskal’s algorithm, we construct the MST for each year in the analysed period from 2004 to 2018.  

In the next step, we generated a time series of topological indicators that describe the structure of 

each MST. Based on these indicators, we concluded the interrelationships and similarities between the 

insurance sectors of EU countries each year. Each value of a topological indicator in a given year reflects 

the structural characteristics of the MST for that year, thus defining the links between the EU insurance 

sectors. Based on the topological indicators of the 15 MSTs constructed using data from 2004-2018, 

we assessed the dynamics of changes in interconnections between the insurance sectors of EU mem-

ber states and evaluated the significance of these changes for systemic risk contagion across the Union. 

MST Based on Multidimensional Distance DTW in an Incremental Manner 

In this MST construction, we used vectors from ℝ� representing the EU countries for each year in the

period 2004-2018. For the given time series, we computed a multidimensional DTW distance for each 

of the 28 countries in such a way that, for each year from 2004 to 2018, the DTW distance is calculated 

incrementally. That is, the DTW in the n-th year reflected the similarity of the time series from 2004 

up to year n. Based on the DTW distances obtained in this way, we constructed MSTs for each year 

using Kruskal’s algorithm, as in the previous approaches. 

The MST corresponding to a given year reflects the structural similarity between EU insurance mar-

kets accumulated from 2004 to that year. The evolution of these MSTs and their associated topological 

indicators reveal how the interlinkages between the insurance sectors of EU countries have changed 

over time, and whether integration or fragmentation has taken place. Each yearly MST provides in-

sights into the changing dependencies across the EU insurance sector, capturing both current and his-

torical dynamics since 2004. 
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MST Based on Multidimensional Distance DTW from the Period in Four-Year Windows 

In this construction, as in the second approach, we calculated a multidimensional DTW distance for 

each of the 28 countries based on the given time series. However, for each year in the period 2004-

2018, the DTW distance was determined over a rolling four-year window. That is, the DTW value in 

year n reflected the similarity of the time series over the four years preceding year n. Using these DTW 

distances, we constructed MSTs for each year, as before, employing Kruskal’s algorithm.  

The MST for a given year captures, therefore, the structural similarity of EU insurance markets 

during the preceding four-year period, enabling an assessment of recent trends and short-term inter-

dependencies between the sectors. 

RESULTS AND DISCUSSION 

In this section, we present the results concerning the evolving structure of MSTs. It is also important 

to emphasise that we applied the three proposed methods of MST construction to three distinct da-

tasets. As mentioned earlier in the data section, we based the analysis on the following data sources: 

the first set described the insurance sector from 2004 to 2018, the second set included both the insur-

ance sector and digitalisation indicators for the same period, while the third dataset extended the 

analysis to include insurance sector data alongside five DESI domains from 2014 to 2018. 

We conducted an analysis comparing the development of the insurance sector with its progres-

sion, considering additional data that must be factored in during the era of the Fourth Industrial 

Revolution. Insurance activities are increasingly intertwined with Internet usage and the ongoing 

development of new technologies, such as real-time information transmission and location-based 

services. This comprehensive analysis of the intersection between the insurance sector and digital-

isation has not been performed in the literature to date. 

The time series of MST topological indicators reflects the dynamics of changes in the similarity and 

interconnections between the insurance sectors of EU countries over the 15 years. Each method of 

MST construction leads to distinct results. The topological indicators obtained from different ap-

proaches contain complementary types of information. The MST based on the Mahalanobis distance 

captures the relationships between the insurance sectors of EU countries only within a given year. 

In contrast, the MSTs constructed using multivariate DTW distances reflect the similarity of devel-

opment patterns across countries either over the entire period from 2004 to the given year or within 

rolling four-year windows. This allows us to detect similarity in trends even when countries develop at 

different rates but follow comparable trajectories. As such, DTW-based MSTs capture the structural 

convergence of insurance sectors over time. Thus, although in a given year the Mahalanobis distance 

may show significant differences between countries, the DTW-based approaches may reveal strong 

long-term or short-term similarities in the development paths of their insurance sectors. 

In Figures 1 and 2, we present examples of MSTs, both constructed using data from the year 2007. 

The MST in Figure 1 illustrates the interconnections between the insurance sectors of EU countries 

based on the Mahalanobis distance, using only data describing the insurance sector. In contrast, Figure 

2 presents an MST constructed using the same method but based on 17 variables – 9 describing the 

insurance sector and 8 related to the level of digitalisation. 

The structures of these MSTs differ significantly. In Figure 1, the MST appears more dispersed and 

elongated, resembling a chain-like structure. In contrast, the MST in Figure 2 is more centralised, form-

ing a star-like topology. In this structure, Portugal occupies a central position and plays a crucial role, 

it is the vertex with the highest degree, which is notably high. 

If a negative financial event were to occur in the insurance sector of a particular country, and if 

similarity within the MST acts as a channel for systemic risk transmission, the 2007 MST structure 

shown in Figure 2 suggests that such an event could propagate rapidly to other countries closely con-

nected to the affected one. This highlights the importance of considering digitalisation in the analysis 

of systemic risk (SR) within the insurance sector. By comparison, the structure of the MST in Figure 1 

appears less concerning in terms of SR contagion. 
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Figure 1. MST based on the Mahalanobis distance 

for the year 2007 (9 variables) 

Source: own elaboration in RStudio. 

 

Figure 2. MST based on the Mahalanobis distance 

for the year 2007 (17 variables) 

Source: own elaboration in RStudio. 

To formally assess the MST structure and its implications, we applied several topological indicators 

defined in the subsection above. 

All the Figures below present graphs of topological indicators for Minimum Spanning Trees (MSTs), 

constructed using three different methods. Figure 3 corresponds to MSTs built with the Mahalanobis 

distance. Figure 4 presents MSTs constructed using the cumulative multivariate DTW distance, while Fig-

ure 5 illustrates MSTs based on the multivariate DTW distance calculated over four-year rolling windows. 

In each Figure (Figures 3, 4, and 5), the colour coding in the legend distinguishes between the da-

tasets used:  

Red line: based on 9 variables describing the insurance sector only (INS), 

Black line: based on 17 variables, including insurance sector data and digitalisation indicators (INS 

and DIG), 

Green line: based on 14 variables, combining insurance sector data with five indicators from the 

Digital Economy and Society Index (DESI) (INS and DESI). 

In Figure 3, we may observe significant differences between the red and black charts, particularly in 

both the levels and trends of the topological indicators. The average path length (APL), maximum degree, 

and diameter show symmetrical yet contrasting values between the red and black lines, reflecting distinct 

MST structures. The differences in the values of the topological indicators confirm that the red charts rep-

resent a more dispersed, chain-like structure of the MST, as previously illustrated in Figure 1. In contrast, 

the black charts indicate a more centralised, star-like structure. Specifically, APL, alpha, and assortativity 

values are consistently lower in the black MSTs, while maximum degree and diameter are higher com-

pared to the red MSTs. This suggests that, throughout the 2004-2018 period, MSTs incorporating digitali-

sation data (black) are structurally more susceptible to the negative effects of systemic risk. 

The findings imply that although digitalisation positively supports the development of the in-

surance sector, it may also intensify interdependencies, thereby increasing the potential for risk 

contagion, an observation confirmed by our results. Our analysis also considers the impact of three 

major crises in Europe during the study period: the subprime crisis (2008-2009), the sovereign debt 

crisis (2011-2013), and the migration crisis (2018). Unfortunately, the consequences of these events 

are visible in certain EU member states. 

To correctly interpret the changes in the MST structure, all topological indicators should be 

analysed simultaneously.  

In Figure 3, all black graphs of APL, max.degree, and diameter in the years 2007, 2010, and 2017, 

that is, immediately before the crises, indicate that the MSTs are highly contracted. The APL de-

creases, the maximum degree increases, and the diameter becomes smaller. The alpha index rises, 

while assortativity declines. 
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During the crises themselves, the structure loosens, suggesting that the inhabitants of EU countries 

exhibit behaviour aimed at shielding themselves from the effects of crises. The red charts show oppo-

site behaviour. Before crises, the MSTs are less concentrated, and during crises, we observe clustering 

and growing similarity among insurance markets. This is not surprising. 

Unfortunately, such a structure of interconnections between countries reinforces the spread of un-

desirable financial disruptions. Noteworthy, the time series of black-coloured topological indicators may 

serve as a predictive tool, before each of the analysed crises, these indicators displayed similar patterns. 
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Figure 3. MST indicators for MST based on the Mahalanobis distance 

Source: own elaboration in RStudio. 

The analysis presented below focuses on the second direction of our research, presented in Figure 

4. While the first part, already discussed, provided an empirical investigation of the annual similarity 

between the insurance sectors of EU countries, this stage aims to assess their similarity over extended 

periods. Each value of the minimum spanning tree (MST) topological indicators now informs us about 

how similar the insurance sectors are in the cumulative period from 2004 to a given year. This approach 

also allowed us to trace how similarity evolves as the dataset expands year by year. 

As before, we present the time series of topological indicators with consistent colour coding for 

the respective datasets. The graphs in Figure 5 show the evolution of MST topological indicators 

calculated from: (1) nine time series describing the insurance sector (red) and (2) seventeen time 

series combining insurance sector data with digitalisation metrics (black). These series differ in both 

behaviour and value ranges. 

Assessing similarity over extended periods using MSTs derived from multidimensional DTW dis-

tances enables the detection of structural changes in the EU insurance sector. It also facilitates the 

identification of long-term dependencies and similarities between countries. Notably, the black and 

red series display differences in magnitude. The red series tends to remain stable over time, while 

the black series shows higher variability. 

The fluctuations in the black series suggest that extending the 17-dimensional dataset by a single 

year, especially one marked by structural change, significantly affects similarity with the previous pe-

riod. For instance, a decline in APL and Diameter accompanied by a rise in max. degree, as observed in 
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2008, 2010, 2014, and 2016, points to increasing similarity among EU insurance sectors. The alpha and 

assortativity indices further illuminate the way sectors (represented as vertices) are connected. The 

MST structure is irregular and non-fractal, as alpha deviates from 2. There are no dominant hubs, and 

vertex connections form uneven clusters of varying sizes. 

These structural changes are likely driven by the inclusion of digitalisation indicators. For example, 

in 2008, the black APL chart drops below its 2007 value, indicating that the MST, based on the extended 

multidimensional time series, reflects lower average path length, and hence greater similarity. This 

underscores the influence of digitalisation on the evolving similarity structure. 

In general, the black APL and diameter values tend to be higher than those of the red series, 

while max. degree is relatively lower. This combination, high APL and diameter with low max. de-

gree characterises a more stretched MST, suggesting reduced potential for the rapid spread of neg-

ative systemic effects. During periods of financial stress, including 2008, 2010, 2011, 2014, and 

2016, changes in the black series confirm that digitalisation meaningfully impacts the evolving sim-

ilarity and interconnectedness of EU insurance sectors. 
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Figure 4. MST indicators for MST based on multidimensional distance DTW in an incremental manner 

Source: own elaboration in RStudio. 

In the next step, we present the graphs of topological indicators in Figure 5, which describe the struc-

ture of the MST constructed using the third method. Each value of the MST indicator reflects the similarity 

within the groups of countries based on nine time series (red) and seventeen time series (black).  

The dynamics of these indicators differ from the previous cases, and both data sets exhibit notice-

able volatility. 
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During the crisis periods of 2007-2009, 2010-2012, and 2015-2017, the black lines representing APL 

and diameter show a downward trend, while the maximum degree increases. This suggests that, in each 

four-year window preceding a given year, the MST had a less centralised (less star-like) structure com-

pared to the structure observed in that specific year. The shift toward a more star-like structure indicates 

an elevated potential for the propagation of negative effects from financial shocks. This shift is particu-

larly significant when considering the role of digitalisation in the insurance sector. Digitalisation intensi-

fies the interdependencies between countries, amplifying the risk of contagion in the face of global fi-

nancial disruptions, which further increases the systemic risk within the EU’s insurance markets. 
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Figure 5. MST indicators for MST base multidimensional distance DTW from the period in four-year windows 

Source: own elaboration in RStudio. 

CONCLUSIONS 

Research in the insurance sector must consider digitalisation indicators that reflect both technological 

advancements and consumer behaviour. Due to the delay with which the data are issued our empirical 
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analysis covered the years 2004-2018. This research demonstrates the impact of digitalisation on the 

similarity of insurance sectors across EU countries during this period. 

The applied methodology, constructing minimum spanning trees (MSTs) in three distinct ways, 

enables the assessment of dependency structures on an annual basis, over four-year periods, and 

cumulatively across the entire 2004-2018 timeframe. 

MST topological indicators allow for the identification of crisis periods and facilitate comparisons 

of network connection structures during these critical moments. 

Time series analysis of MST topological indicators, incorporating digitalisation data via the first 

method (based on the Mahalanobis distance), provides an annual overview of MST structures. These 

MSTs, reflecting the similarity of insurance sectors across seventeen dimensions, reveal structures that 

are conducive to systemic risk propagation prior to crises. In contrast, the second method, based on 

multivariate dynamic time warping (DTW) distance, shows relatively stable similarities over longer pe-

riods, with distinct behaviours emerging during crisis years. The resulting MST structures suggest a 

slower potential pace of financial shock propagation within the sector. The third method, which di-

rectly analyses the dynamics of topological indicators, effectively captures structural shifts before and 

during crises, with MST configurations varying depending on the period in question. 

MST topological indicators exhibit strong sensitivity to structural dynamics, showing character-

istic patterns both before and during financial crises. Thus, they hold promise as predictive tools in 

the analysis of global financial disruptions. 

In this study, we defined ‘similar countries’ as those whose populations exhibit comparable be-

haviours regarding insurance activity and everyday life, influenced by modern technologies, digital-

isation, and Internet use. We assessed this similarity in three different ways, each reflecting a dis-

tinct approach to measuring it. When comparing multivariate time series, similarity is typically cal-

culated by transforming several variables into vectors in a multidimensional space and computing 

the Euclidean distance between them. The DTW distance measure allows for nonlinear alignment 

of one series to another, minimising the temporal distance between them. 

Since the early twenty-first century, DTW has been widely used in data analysis tasks, including 

classification, clustering, and anomaly detection in time series data. Our research opens up new 

avenues for further study, including the potential application of this methodology for grouping EU 

countries based on the developmental dynamics of their insurance sectors, as well as exploring the 

methodological aspects of using multivariate DTW distances to assess the similarity of MST topo-

logical indicator time series constructed using various techniques. 

The conclusions drawn from this study highlight the critical role of digitalisation in shaping the 

systemic risk profile of the EU insurance sector. The methodology applied, which incorporates mini-

mum spanning trees (MSTs) constructed using the Mahalanobis distance and dynamic time warping 

(DTW), reveals significant structural patterns that inform about both the assessment of risk contagion 

pathways and the long-term stability of insurance networks. These insights not only enhance our un-

derstanding of systemic risk transmission but also provide valuable guidance for policymakers and in-

dustry stakeholders aiming to strengthen the resilience of the insurance sector. 

There are several implications for the Insurance Sector. Firstly, the impact of digitalisation: the study 

demonstrates that digitalisation significantly influences the systemic risk profile of the EU insurance 

sector, particularly during periods of financial crises. High levels of digital integration can increase the 

similarity among insurance markets, potentially amplifying the transmission of financial shocks across 

borders. Next, we found international dependencies: the use of MST and DTW models reveals that in-

surance sectors in countries with similar digitalisation levels are more prone to shared systemic risks, 

highlighting the need for coordinated regulatory oversight at the international level. Then, we discov-

ered risk transmission channels: the structure of connections within EU insurance sectors, as repre-

sented by MST models, suggests that high degrees of similarity can act as indirect channels for systemic 

risk propagation, increasing the speed and extent of financial contagion. Finally, we exposed crisis sen-

sitivity: the analysis of MST topological indicators shows that sectors with more centralised network 

structures are more vulnerable to rapid changes in market conditions, potentially accelerating the 

spread of systemic risk during financial disruptions. On the other hand, we can also enumerate implica-
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tions for insurance policies. On the one hand, in risk management, the high degree of interconnected-

ness observed in digitally advanced insurance sectors emphasises the need for more sophisticated risk 

management strategies that account for both local and cross-border risk exposures. On the other hand, 

for product personalisation digitalisation enables more precise tailoring of insurance products to indi-

vidual customer needs, but also requires a greater focus on systemic risk management as global inter-

connections grow. As far as innovation and risk are concerned, the introduction of new technologies, 

such as InsurTech and IoT-based products, may reduce operational costs but also increase systemic vul-

nerabilities, necessitating a balanced approach to innovation. Finally, a conclusion for portfolio diversi-

fication: insurers should consider diversifying their product portfolios to mitigate the impact of systemic 

crises that can spread more rapidly in a highly interconnected, digital insurance environment. 

These findings reinforce the importance of integrating digitalisation indicators into systemic risk 

assessments and underline the need for a more resilient and diversified insurance sector capable 

of withstanding future global financial shocks. 
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