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ABSTRACT 

 

Systemic risk has become a widely observed and thoroughly researched topic in the years 

following the 2008 global financial crisis. A number of international and European financial 

stability bodies have been established in its aftermath with objectives of safeguarding financial 

stability and monitoring systemic risk. However, both practitioners and academics still struggle 

to produce a uniform definition of systemic risk itself. Indeed, even though this topic has been 

widely researched thus far, there are still many open challenges when it comes to identifying, 

assessing and monitoring systemic risk. For instance, many indicators of systemic risk are 

shown not to be effective in predicting the upcoming financial crises. In order to address such 

gaps, both researchers and practitioners increasingly use new information and digital 

technologies to tackle existing discrepancies and generate more accurate analyses. The 

prerequisites for this are big data, proper IT infrastructure and highly skilled personnel. The 

utilization of business intelligence tools and advanced analytics enable the creation of new 

systemic risk measures, more effective systemic risk monitoring and the automation of data 

collection and risk processing. This paper discusses the prerequisites for the implementation of 

BI and AA solutions, its limitations and potential benefits for systemic risk supervision. An 

example from the Croatian banking and non-banking financial sector serves to display a 

project-based example of systemic risk supervision using interactive dashboards and 

innovative visualization techniques. Additionally, the possible applications of advanced 

analytics are discussed, including machine learning and artificial intelligence for systemic risk 

supervision. 

 

Keywords: systemic risk; financial stability; business intelligence; advanced analytics, 

SupTech 
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1. INTRODUCTION 

1.1. The aim of the paper 

The topic of this thesis will be to examine the possibilities, case studies and researchers' 

preferences regarding the utilization of business intelligence tools and advanced analytics in 

economics and business, with specific focus on systemic risk. Systemic risk represents every 

endogenic and exogenous effect to the financial sector, which could as a result cause a 

disruption to systemically significant financial institutions and markets. The purpose of the 

paper is to analyze the theoretical concepts and the technological solutions specific to systemic 

risk supervision and management. This pertains to not only business intelligence tools, but also 

to the much broader topic of advanced analytics. Additionally, visualizations of simple 

macroeconomic and financial indicators are presented, as well as applications of artificial 

intelligence (AI), big data, and machine learning (ML) algorithms in constructing real-time 

econometric models. A case study on Croatian banking and non-banking financial sector will 

be used to demonstrate the possible methodological, technical and visual solutions for systemic 

risk supervision. This project-based example of business intelligence tools and advanced 

analytics utilization in systemic risk supervision will be demonstrated on data from the Croatian 

financial sector, with case studies from selected European central banks serving as a guideline. 

1.2. Methodology 

In order to achieve the prescribed objectives of the thesis the following methods were 

employed: literature review and critical and qualitative content analysis of relevant scientific 

and professional papers will provide a theoretical overview of the topic. Furthermore, a relevant 

data sample is chosen and thereafter through various graphical and statistical methods analysed. 

The ensuing research results are explained in detail, and further corroborated through the 

existing literature review.  

Secondary data from relevant public financial institutions will be used to create a model, which 

will serve as a case study. Case study model will be prepared with data from publicly available 

sources. Namely, the Croatian National Bank and Croatian Financial Services Supervisory 

Agency. Additionally, financial indicator data from the European Central Bank and other 

supranational and international institutional pertinent to systemic risk supervision will be 
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considered. The case study model will serve as a prototype solution for systemic risk 

supervision with a special focus on the technical solutions. This small-scale model will be 

developed according to the best practices in selected central banks and international regulatory 

institutions using solely publicly available data. The project-based database will be created in 

MS SQL Server, while the dashboard will be developed using business intelligence software 

MS Power BI.  

1.3. Structure of the paper 

Whilst the paper centres around the topic of systemic risk, to fully grasp the following thesis, 

the topics of business intelligence, advanced analytics, and artificial intelligence will be 

covered and explained thoroughly as well. Only after these topics are appropriately introduced 

will the reader dive into the main question discussed in the thesis: the utilization of various 

business intelligence and advanced analytics tools in the area of systemic risk supervision.  

Firstly, a theoretical overview of systemic risk is given. The chapter starts by providing an 

overview of historical development of the concept of systemic risk. The definition and 

taxonomy of systemic risk are discussed in detail, with special reference to the mechanisms of 

systemic risk transmission. The third chapter provides a more detailed explanation of systemic 

risk supervision. International, European and Croatian regulatory and supervisory agencies are 

introduced and their functions comprehensively examined. An overview of existing and new 

systemic risk indicators is provided and the concept of systemically important financial 

institutions is presented separately.  

Thereafter, an introduction to business intelligence tools and advance analytics is provided in 

the fourth chapter. The distinction between business intelligence and advanced analytics is 

highlighted, after which potential future applications of both BI and AA are discussed. The 

fifth chapter finally combines the two topics and examines the core question of the thesis – 

utilization of business intelligence tools and advanced analytics in systemic risk supervision. 

The topics of existing implementations, requirements, limitations and potential use cases are 

covered. The sixth chapter presents the case study on Croatian financial banking and non-

banking financial sector, displaying the possible utilizations of interactive dashboards in 

systemic risk supervision. Finally, the seventh chapter summarizes the findings of the thesis.
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2. THEORETICAL OVERVIEW OF SYSTEMIC RISK 

2.1. Historical development of systemic risk 

The history of systemic risk is not at all easy to condense, let alone simplify. Although the 

concept of systemic risk in financial markets only became widely known after the Great 

Recession in 2008 – as we shall see later on in this chapter – its roots may be traced throughout 

history, dating as far back as the 17th century. Indeed, as Kreis, Leisen, and Ponce (2019) point 

out in their book, the first real recorded instance of a systemic risk crisis occurred in 1637 – a 

turbulent time in Dutch financial history called “The Tulip Mania”. In 17th century Vienna, 

tulips were a rare, exotic, and highly valued species imported from the Ottoman Empire. Many 

merchants at the time took a keen interest in the flower, but it was not until the visiting Dutch 

merchants brought it back home – as Goodnight and Green (2010) evocatively explain – that 

the first-ever recorded asset bubble started to form. Sellers in the Netherlands began to buy this 

year’s bulbs in anticipation of next year’s higher prices. “The futures market flourished on the 

Amsterdam stock exchange” – the authors go on – “and new investors were encouraged to get 

in and go deeper by stockjobbers who let loans and wrote contracts”. By mid-1637, no more 

than two years since the Tulip Mania began, bulb prices dropped significantly and the 

speculative bubble dramatically burst. Dutch florists suffered extensive losses in that period, 

but no significant spill-over effects were ever recorded to have hit the wider Dutch economy 

(McClure and Thomas, 2017; Dash, 1999). Nevertheless, stories of the Tulip Mania have now 

been circulating for nearly 400 years and provide the first-ever recorded instance of a systemic 

crisis (or in this case, a shock) that had the potential to impair a country’s financial stability 

(Goodnight and Green, 2010; Kreis, Leisen, and Ponce, 2019). 

From the 17th century onwards, systemic risk crises have been occurring throughout the world 

– the most significant of which are presented in Figure 1. Despite its global presence, however, 

systemic risk has slowly made its way to the forefront of regulatory and public attention. This 

increase in importance can primarily be attributed to various advances within the banking 

sector, triggered by changing regulatory requirements, technological innovation, and 

globalization (Kreis, Leisen, and Ponce, 2019). The authors further state that the way we 

perceive and understand systemic risk has also changed: during the 20th century, for example, 

systemic risk was mostly a national concern, without much thought being put into potential 

international spill-overs and other adverse effects.  
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Figure 1 The most prominent systemic risk crisis in history 

 

Source: author's work based on Kreis, Leisen, and Ponce (2019); and Adrian and 

Natalucci (2020) 
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Figure 1 The most prominent systemic risk crisis in history above provides a brief overview 

of the most notable systemic crises that have occurred throughout history. By observing the 

timeline alone, one can see that the vast majority of such crises have occurred in the 20th 

century, with the two latest ones taking a more serious, international dimension. Kreis, Leisen, 

and Ponce (2019) characterize the 21st century systemic crises as being global in scope, 

triggering financial instability across multiple countries. In order to understand how that came 

to be, we shall first take a closer look at some of the most prominent crises throughout the late 

20th century. The first notable systemic crisis hit Spain in 1977 – widespread liberalization 

policies implemented earlier that decade prompted banks to expand rapidly without any 

meaningful supervision from relevant authorities (Betrán and Pons, 2014). What’s more, 

Spanish banks held significant industrial portfolios at the time that were tightly connected with 

the real economy. Things started taking a turn for the worse with the oil price shock of 1973 

which significantly altered the Spanish industrial environment: labor and energy costs 

gradually increased, with inflation soon following suit (Kreis, Leisen, and Ponce, 2019). The 

effect on Spanish banks was twofold: (i) many corporate clients defaulted on their loans; and 

(ii) banks holding large industrial portfolios saw their balance sheets further deteriorate (Betrán 

and Pons, 2014; Cuervo, 1988). In the aftermath of the crisis, 24 banks had to be bailed out; 20 

were nationalized; 4 were liquidated; and another 4 were forced into mergers (Kreis, Leisen, 

and Ponce, 2019). Although the Spanish recession provides a clear example of systemic risk 

mechanisms in action (i.e. a sudden event which causes a chain reaction within the economy, 

thereby severely affecting a country’s overall financial stability), perhaps the best example can 

be found in the Savings & Loans Crisis that hit the United States during the 1980s. In 1980, 

the U.S. government initiated a process of financial liberalization in the Savings & Loan sector 

by passing the Depository Institutions Deregulation and Monetary Control Act (Kreis, Leisen, 

and Ponce, 2019). Pyle (1995) explains the effects of the Act in further detail: “In the 1980 

Act, federal savings and loans were authorized to invest up to 20% of their assets in consumer 

loans, commercial paper, and corporate debt securities (…) The authority of S&Ls to make 

acquisition, development, and construction loans was expanded, geographical restrictions on 

real estate lending were removed, and permissible loan-to-value ratios were increased”. These 

new powers, however, substantially increased the potential for risk-taking and made 

monitoring such institutions much harder than before (Pyle, 1995). The outcome turned out to 

be catastrophic for the United States: between 1986 and 1995, a total of 1,043 Savings & Loan 

associations closed or were resolved by the Federal Savings and Loan Insurance Corporation. 
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The total cost of the crisis, moreover, is estimated at around $160 billion (Kreis, Leisen, and 

Ponce, 2019). 

The two major systemic crises described above prompted regulators to fundamentally rethink 

the concept of systemic risk. Instead of modelling and explaining it via interbank linkages and 

allocation imbalances, regulators started observing it as an independent element – one capable 

of significantly damaging a nation’s financial stability (Kreis, Leisen, and Ponce, 2019). 

Indeed, the concept of systemic risk in financial markets only became widely known after the 

Great Recession in 2008. The sharp declines in financial markets and the underlying contagion 

effect, which highlighted the interconnectedness of financial institutions, caused the term 

“systemic risk” to quickly gain popularity during the economic downturn. Error! Reference 

source not found. illustrates the popularity of the term through the selected timeframe, clearly 

indicating the peak of the interest during the Great Recession from 2007 to 20091. Furthermore, 

the concept itself has been very relevant ever since then, with the effects of the nouvelle 

coronavirus Covid-19 on the economy and financial stability in 2020 still unveil. 

Figure 2  Google Trends: Systemic Risk 

 

Source: author’s work based on Google Trend data (https://trends.google.com) 

Keyword: “Systemic risk”, geography: worldwide, date: 2020-09-09 

The contemporary idea of systemic risk – that of a macroeconomic and independent force – 

only began to take shape at the onset of the 2008 Great Recession. Economics and finance 

                                                 
1 Figure is based on global web searches using Google engine indexed at 100 for the maximum value in selected 
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professionals at the time had little research available to understand what was happening on an 

economy-wide scale and policy response faltered as a response (Engle, 2018). Instead of 

explaining it through interbank linkages – as Kreis, Leisen, and Ponce (2019) thoroughly 

discuss – a new framework was needed, one that could explain both domestic and international 

spillovers that contaminated global financial markets. Freixas, Laeven and Peydró (2015) 

provide a deeper look into the key issues faced by regulators at the onset of the crisis. Firstly, 

regulators had to design a consistent set of regulatory rules so as to lower the macroeconomic 

costs of the crisis, whilst making sure other, similar crises do not occur in the future. Crisis 

prevention is a key takeaway from the recession, the authors claim, whereby regulators 

increasingly started developing preventive measures to curb the buildup of systemic risk during 

boom periods. Engle (2018) greatly shares this sentiment and takes a more detailed look at the 

systemic risk innovations that were developed as a response to the crisis: (i) regulators 

developed an array of macroprudential models and frameworks to better understand the global 

nature of systemic risk; and (ii) the SRISK measure became standard practice in measuring the 

(under)capitalization of financial firms. Although the measures set in place greatly broadened 

our overall understanding of systemic risk – propped up by a vast array of new academic 

literature on the subject – the COVID-19 pandemic might force regulators to yet again rethink 

the existing frameworks and crisis relief policies. Most governments responded immediately 

at the onset of the pandemic to manage the looming financial and economic shocks by 

providing fiscal, monetary, and macro-financial stimuli (Rizwan, Ahmad and Ashraf, 2020). 

However, extended lockdown periods, loan payment deferments, and political instability – as 

claimed by the authors – have increased the systemic vulnerability of the banking sector, while 

IMF experts believe that “Vulnerabilities in credit markets, emerging countries and banks could 

even cause a new financial crisis” (Adrian and Natalucci, 2020). It still remains to be seen 

whether this systemic instability will be mitigated by existing frameworks or will it, perhaps, 

sprout new innovation in the regulatory field. 

2.2. Definition of systemic risk 

Even though the concept of systemic risk is well known in the academic and professional 

community, there is still little consensus on its very definition (Kaufman & Scott, 2003; 

Hansen, 2012). This chapter will examine different definitions of systemic risk in order to 

provide a clearer understanding of the topic as well as to properly define the scope of this 

research. 
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2.2.1. Systemic risk in a broader sense 

In a broad sense, systemic risk is a phenomenon not limited to the field of economics or the 

concept of financial stability. De Bandt & Hartmann (2000) compare the concept of systemic 

risk to epidemic diseases and use the example of the Great Plague, which affected the entire 

globe and significantly decreased world population, to illustrate systemic risk in public health. 

Moreover, the current COVID-19 global pandemic highlights the interrelationship between 

economic and health crises once again. Systemic risk, therefore, requires cooperation between 

experts and responsible institutions in the field of pandemics with financial stability regulators 

(Rizwan, Ahmad and Ashraf, 2020).  

This multidisplinary approach is by no means limited exclusively to public health. For example, 

OECD (2020) mentions both natural disasters and technological disasters when referring to 

systemic risk. Furthermore, Jean-Claude Trichet (2009) used sustainability and environment as 

an example to explain the concept of systemic risk: “In the context of natural environment: 

[systemic risk] is the threat that the actions of millions of individuals, all acting in pursuit of 

their own interests, can cause a breakdown of the world’s ecosystem, a global catastrophe 

which will ultimately damage everyone.” (Trichet, 2009).  

2.2.2. Systemic risk and systematic risk 

Before analyzing specific academic and legislative dimensions of systemic risk, it is useful to 

first determine what systemic risk is not. The term systemic risk is not to be confused with the 

concept of systematic risk. This subchapter will provide a brief explanation of systematic risk 

that, although not at the center interest of this paper, is nevertheless crucial to comprehend 

systemic risk and will serve as a prerequisite for deeper understanding of the concept.  

Systematic risk pertains to the level of financial risk that is impossible to avoid through further 

diversification (Hansen, 2012) and is a well-researched topic in the field of corporate finance, 

investment management and more specifically portfolio management. As can be seen on 

Figure 3 Systematic Risk, all combinations of different portfolios have a total risk comprising 

of systematic and unsystematic risk. Unsystematic risk refers to the part of the total asset’s risk 

specific to the entity and represents the variance unrelated to the market portfolio (Reilly & 

Brown, 2011, p.20). Unsystematic risk is determined by both business and financial risks, such 

as credit risk, currency risk, liquidity risk and solvency risk.  Unsystematic risk is, therefore, a 

part of the security’s or portfolio’s total risk that could be reduced through further 
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diversification, and is therefore not in the focus of portfolio management research. Conversely, 

systematic risk pertains to the portion of an individual asset’s total variance that is attributable 

to the variability of the total market portfolio (Reilly & Brown, 2011, p.20). Hence, systematic 

risk is constant because it refers to the total market risk, i.e. the risk attributed to the portfolio 

comprising of all available securities.  

Figure 3 Systematic Risk and Unsystematic Risk 

 

Source: author’s work based on Corporate Finance Institute (2020)  

 

Therefore, systematic risk is also known as undiversifiable risk or aggregate risk. Brigham & 

Ehrhardt (2010, p. 943) explain systematic risk as the level of risk that remains when investors 

hold a perfectly diversified, efficient portfolio – and this risk is measured simply as the standard 

deviation of portfolio’s returns. To conclude, systematic risk is clearly defined as the part of 

the security’s total risk caused by factors outside of control of specific organization (CFI, 

2020).  

The concept of systematic risk, hence, is essential for the field of corporate finance and 

portfolio management because it is necessary for proper understanding of the Capital Asset 

Pricing Model (CAPM). It is not, however, as important of a subject when trying to understand, 

explain and prevent events in the financial markets that could in turn have negative effects on 

the market as a whole. The latter falls into the research interest of systemic risk - the primary 

focus of this paper.  
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2.2.3. The importance of defining systemic risk 

As already discussed in the previous subchapter, unlike the definition of systematic risk the 

concept of systemic risk is ambiguous and unclear. In this subchapter, various definitions of 

systemic risk ranging from different sources – from central banks to academics and finance 

professionals – will be presented. Comparison between these different approaches will provide 

a deep insight into the topic and will serve as a guiding star when discussing possible 

measurement methodologies and available tools to monitor and supervise systemic risk in the 

following chapters. 

Before diving into the discrepancies between numerous proposed definitions of systemic risk, 

it is valuable to briefly outline what researchers do agree upon and the significance of their 

discovery. Congruence on the definition of systemic risk is of paramount importance, as too 

broad a definition might lead to difficulties in measurement, management and supervision. A 

narrow definition, on the other hand, may lead to the omission of important determinants of 

financial stability (or rather instability), due to the subsequent limited scope of what systemic 

risk encompasses, thereby significantly impeding the regulator’s ability to take action (Smaga, 

2014).  

Academics and practitioners alike concur on the difficulty of precisely quantifying, measuring 

and defining what systemic risk entails, which only further bespeaks its complexity in the field 

of financial stability (Covi et. al., 2019). Hansen (2012) illustrates this by arguing that systemic 

risk is evident only once it happens, lending credence to the lack of a uniform and concise 

definition. The author continues with two distinct issues with the idea that systemic risk is 

exclusively identifiable in hindsight. Firstly, it allows for a high amount of regulatory discretion 

and limits the transparency in policymaking decisions. Lack of transparency in definition, 

measurement and methodology leaves room for potential political pressure. Secondly, 

misalignments in the definition and measures for systemic risk also make it that more 

challenging to criticize the regulators as there is little to no external visibility on systemic risk 

monitoring and supervision (Hansen, 2012).  

The concept of systemic risk itself implies that supervisory agencies should proactively aim to 

mitigate risks and minimize losses through macroprudential policy. However, given the 

ambiguity of systemic risk definition – the resulting economic downturn in all its severity can 

be attributed to supervisory agency regardless of what their action or inaction was. Here lies 

the true importance of explicit and uniform definition of systemic – to enable not only to engage 
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in risk supervision but also to assess the policy effectiveness. Moreover, Galati & Moessner 

(2011) highlight the lack of consensus when it comes to both the concept of systemic risk as 

well as the definition of financial stability. Authors underline that the lack of commonly shared 

definitions leads to differing quantification and measurement approaches to systemic risk, 

which only fuels discordance more. This subsequently induces subpar macroprudential policy 

decisions. 

2.2.4. Overview of definitions of systemic risk 

After the importance of defining systemic risk has been discussed in the previous chapter, this 

subchapter will provide a systematical overview of existing definitions. The differences 

between these definitions and their adoption by the academics, practitioners and regulators will 

be examined. Exploring a set of systemic risk definitions builds a solid knowledge base 

necessary for gaining a deeper understanding of systemic risk and consequently the 

investigation of various analytical tools which could be used for supervision. 

Kaufman and Scott (2003) thoroughly examined the discrepancies in the prevailing definitions 

of systemic risk and chose to explain the concept as “the  risk  or  probability  of  breakdowns  

in  an  entire [financial] system,  as opposed  to  breakdowns  in  individual  parts  or  

components […]”. Table 1 The evolution of the definition of Systemic Risk  shows three 

different conceptual approaches on the topic of systemic risk. These three definitions build on 

top of each other and are all relevant for proper understanding of the concept of systemic risk. 

The initial view on systemic risk was only through the lens of a macroeconomic exogenous 

shock affecting the economic and financial system simultaneously and in its entirety. Three 

main authors, with subtle but important distinctions, shared this approach. Bartholomew & 

Whalen (1995) referred to systemic risk as an event that has an immediate effect on the entire 

system, rather than specific institution(s). Mishkin (1995) added the idea of a probability or 

likelihood of an event, however unexpected. While Mishkin also introduced the concept of 

channelization of funds and emphasized the crucial role of financial markets stability, Allen & 

Gale (1998) focused on bank runs as the causal effect of systemic risk. Kaufman (1995) and 

Kaufman & Scott (2003) shift the focus towards microeconomics in defining systemic risk by 

concentrating on the interconnectedness between various economic entities and the spillover 

effect or mechanisms by which the initial exogenous or endogenous shock is transmitted. 

Although all three conceptualizations of systemic risk are important for its understanding, 

regulators (FED, 2001; BIS, 1994) more broadly adhere to the latter two. 
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Table 1 The evolution of the definition of Systemic Risk 

Definition Focus Year 
Authors and 

(Adopters) 
Definition contribution Source 

1 

“Big” shock or macroshock that 

produces nearly simultaneous, 

large, adverse effects on most or 

all of the domestic economy or 

system. 

Macroeconomics; 

Exogeneous shock; 

Economic system in 

its entirety 

1995 Bartholomew and Whalen 

“Refers to an event having effects on the entire 

banking, financial, or economic system, rather 

than just one or a few institutions”. 

Bartholomew, Philip, and Gary Whalen. 1995. Fundamentals of Systemic 

Risk. In Research in Financial Services: Banking, Financial Markets, and 

Systemic Risk, vol. 7, edited by George G. Kaufman, 3–17. 

1995 Frederic Mishkin 

"The likelihood of sudden, usually unexpected, 

event that disrupts information in financial 

markets, making them unable to effectively 

channel funds to those parties with the most 

productive investment opportunities”. 

Mishkin, Frederic. 1995. Comment on Systemic Risk. In Research in Financial 

Services: Banking, Financial Markets, and Systemic Risk, vol. 7, edited by 

George Kaufman, 31–45.  

1998 
Franklin Allen and  

Douglas Gale 

One process through which macroshocks can 

ignite bank runs. 

Allen, Franklin, and Douglas Gale. 1998. Optimal Financial Crises. Journal of 

Finance (August): 1245–84. 

2 

Probability that cumulative losses 

will accrue from an event that sets 

in motion a series of successive 

losses along a chain of institutions 

or markets comprising a system. 

Microeconomics; 

Interconnectedness of 

economic entities; 

shock transmission; 

spillover effect 

1995 

George Kaufman 

 

(Federal Reserve System, 

Bank for International 

Settlements) 

Direct risk transmission & spillover effect 

Correlation with causation 
 

"The risk of a chain reaction of falling 

interconnected dominos" 

    Kaufman, G. 1995. Comment on Systemic Risk. In Research in Financial 

Services: Banking, Financial Markets, and Systemic Risk, vol. 7, edited by 

George G. Kaufman, 47–52.  

3 

The rise of uncertainty brought by 

the loss of one unit due to external 

shock increases risks for similar 

institutions. 

Microeconomics;  

“Common shock” 

or “Reassessment 

shock” effect;  

Correlation without 

direct causation 

2003 

Indirect connections spillover  

Correlation without direct causation 
 

Between market participants without direct 

causal relationship 

Kaufman, G. G. & Scott K. E. (2003) “What Is Systemic Risk, and Do Bank 

Regulators Retard or Contribute to It?”  

Source: author’s work based on Kaufman & Scott (2003)
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2.3. Taxonomy and transmission mechanisms  

2.3.1. Classification of systemic risk 

Classification of systemic risk is another important prerequisite for suitable supervision. 

Numerous ways of categorizing systemic risk have been explored in empirical literature. A 

good starting point might be to explore different kinds of financial crisis that have occurred 

through history. Reinhart & Rogoff (2009) researched eight centuries of financial crisis and 

have decided to break the into four distinct categories: sovereign defaults, banking crisis, 

exchange rate crisis and inflation crisis. While sovereign defaults occur when governments fail 

to meet their debt obligations in form of payments either for external or domestic debt, banking 

crisis occur when there is spillover effect from banks due to insolvency issues, often caused by 

questionable, risky investments Anand et al., 2016). When trying to focus the discussion on the 

topic of systemic risk, one can produce a categorization of types with regards to geographical 

reach (De Bandt & Hartmann, 2000), initial trigger for the crisis, method of shock transmission, 

root cause of the chock (Allen & Carletti, 2013) and intensity of the systemic event, among 

other. Table 2 Classifications of Systemic Risk provides a systematic overview of different 

taxonomies of systemic risk. 
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Table 2 Classifications of Systemic Risk 

 

Source: author’s work based on Allen & Carletti (2013), De Bandt & Hartmann (2000) and 

ECB (2009) 

Bandt & Hartmann (2000) differentiate systemic risk by few factors. One of them is 

geographical reach, which indicates whether the transmission of the initial shock will affect the 

system on regional, national or international level. Authors also elaborate on different sources 

of initial shock, or trigger for the crisis. The trigger could be endogenous - coming from within 

the financial system itself, or exogenous – caused by external factors. In the latter case, Bandt 

Classification basis Note

(Idiosyncratic)

(Widespread)

Foreign exchange mismaches in the 

banking system

Allen & Carletti (2013) classification of the 

four main areas  of systemic risk.

Discussed in more detail in the chapter.

Initial trigger for the 

crisis 

Source of the shock

Endogeneous

Intensity of systemic 

event

Strong

Weak

Systemic events that evenaully causes the 

affeted instition(s) to crash are considered as 

strong events, while weak events do not 

actually result in failure of the affected 

institution(s).

Root cause

(Allen & Carletti 

classification)

Panics - banking crises due to multiple 

equilibria

Banking crisis due to asset price falls

Contagion

Sequential

Simoultaneous

Contagion

Macroeconomc shock

Categories (Subcategories)

Root cause

(ECB classification)

ECB (2009) classification of three main 

forms  of systemic risk - not necessarily 

mutually exclusive. 

Discussed in more detail in the chapter.

Geographical reach

Whether the effects of the crisis will be 

transmitted from the source to the wider 

geographical area.

Method of shock 

transmission

Whether the effects of the crisis will be vsible 

across the financial system immediately or will 

they be transmitted from one part to another 

through a period of time.

Exogeneous

Unravelling of imbalances

Hybrid (combination)

Whether the cause of the crisis will be from 

within the financial system or will it be fueled 

by external factors.

If external source - whether the shock was 

initiated from specific entity -with limited sope 

- and then transmitted to the wider economy 

or was the shock experienced by the financial 

system in its entirety.

Regional

National

International
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& Hartmann (2000) stress the important distinction between idiosyncratic shocks – affecting 

only one financial institution or price of a single financial asset – and widespread shocks – 

affecting the economic system as a whole. Furthermore, one can distinguish crisis as those in 

which the shock simultaneously affects the entire system and those in which the system is 

affected by sequential shock transmission.  

2.3.2. Mechanisms of systemic risk transmission 

To elucidate on the transmission mechanism of systemic risk, firstly, the most important factor 

for systemic risks – its root cause – is analysed. The conceptual model of systemic risk is 

incomplete without the full picture of cause and effect: from the form in which the initial shock 

occurs together with the mechanism in which systemic event is transmitted and then finally 

affects the entire system. ECB (2009) uses three different main forms of systemic risk: 

contagion, macroeconomic shock and unravelling of imbalances. It is important to note that, 

according to the authors, these forms are not mutually exclusive. Moreover, most crisis fall into 

the fourth, hybrid category, which represents a combination of two or more forms. Out of these 

three forms, contagion is the most commonly known one. Contagion is most often connected 

to banking and by far the most known example of this type is the 2008 financial crisis. Although 

contagion risk is partially offset by the introduction of deposit insurance schemes (ECB, 2009), 

it still represents a major factor of uncertainty due to the size of leading financial institutions 

as well as the high level of interconnectedness in the banking and overall financial sector (Allen 

& Carletti, 2013). Contagion is characterized by liquidity issues which then cause fire sales of 

assets and subsequently result in cyclical multiplication of the initial shock. Probably the 

easiest form to grasp are macroeconomic shocks. Macroeconomic shocks cause systemic risk 

in a predictable manner, explainable by standard business cycle forecasting models making use 

of macroeconomic variables such as GDP growth, interest rates and inflation (ECB, 2009). The 

macroeconomic shocks can present a risk in direct or indirect ways, one of which is panics and 

banking crisis, as Allen & Carletti (2013) suggest. Finally, unravelling of built-up imbalances 

has been the least researched systemic risk form. Unwinding of imbalances refers to the 

increasing vulnerability of the financial system, usually as a result of too much risk-taking 

activities in the financial market due to factors such as conditions of low interest rates and 

herding effect in investment decision making (ECB, 2009). Allen & Carletti (2013) highlight 

falling asset prices as one of the key facilitators of systemic risk. Authors differentiate five 

distinct reasons for the sudden decline in asset prices: natural outgrowth of the business cycle, 
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bursting of the real estate bubbles, inefficient liquidity provision and limits to arbitrage, 

sovereign default, and finally sharp increases in interest rates. 

Smaga (2014) summarizes and adds to the understanding of mechanism behind the systemic 

risk. Figure 4 Conceptual model of systemic risk illustrates how initial shock triggers the 

process of accumulation of imbalances and consequently their materialization through 

contagion channels. This blueprint for systemic risk enables better understanding of how 

different elements affecting systemic risk interrelate and affect each other, ultimately 

representing a potential risk to financial stability.  

Figure 4 Conceptual model of systemic risk 

 

Source: Smaga (2014) 

The initial trigger or shock can be exogenous or endogenous, experienced because of 

microeconomic or macroeconomic instability of a single institution or a range of organizations 

(Smaga, 2014). The initial shock is then transmitted via contagion channels, be it bilateral direct 

connections between organizations, asset price effects through markets as a result of negative 

information signals, vulnerability as a result of similarity in asset and liability structure, 

exposure to common financial products such as securitized derivatives or links through the 

payment system (Smaga, 2014).   Systemic risk pertains both to the probability of initial shock 

or a systemic event, as well as the channels through which this shock is spread to the entire 

system due to the interconnectedness of financial institutions as well as the structural 

vulnerabilities of the system enabling the effect to cause disruption to financial stability and 

economic system.
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3. SYSTEMIC RISK SUPERVISION 

3.1. Regulatory institutions 

To gain more clarity on the most prudent way to tackle systemic risk - and through that extent 

a country’s financial stability policies and measures - in addition to the internal financial 

institutions, markets, structures and relevant legislature, one must comprehensively tap into 

and analyse the external environment. By utilising this method, one might levy invaluable 

insight into other expedient benchmarks. Consulting the external environment, through an 

analysis of good international practices related to systemic risk supervision, can help maximize 

the soundness of one’s macroprudential policy and additionally garner synergies that aid in the 

mitigation, more effective control, and supervision of systemic risk. Moreover, implementing 

the recommendations of various international standard setting bodies will result in a more 

resilient financial macro-environment. With such a goal in mind, this paper endeavours to cover 

all relevant international and EU financial stability standard-setting bodies whose objectives 

revolve around improving the robustness of domestic financial systems and promoting 

international financial stability. Firstly, the most important international standard setting bodies 

(FSB, BCBS, IAIS, IOSCO, IMF and WB) will be discussed alongside their role in systemic 

risk supervision. Secondly, European micro- and macro-prudential authorities (ESRB, ESMA, 

EIOPA and EBA) are explored, and the supervisory mechanisms they employ further analysed. 

3.1.1. International organizations 

Financial Stability Board (FSB) was established in the wake of the 2008 financial crisis as a 

successor to the Financial Stability Forum (FSF) by the G20. The Financial Stability Board 

(FSB) serves to monitor and make recommendations with respect to the prudent functioning of 

the global financial system, and the financial stability thereof. To this end, the FSB assumes a 

key role in promoting structural financial regulation and supervision reforms. It promotes a 

level playing field by fostering harmonious implementation of their policy reform 

recommendations across sectors and jurisdictions.  

Amidst a wide-array of roles, the FSB is primarily tasked with promoting the exchange of 

information and coordination among member authorities responsible for financial stability, 

monitoring market developments and advising best practices for respective member regulatory 
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policy, undertaking strategic reviews of international standard setting bodies, and coordinating 

their respective policy developments etc (FSB, 2020a). It is important to mention that the FSB’s 

recommendations are not legally binding on its members and, therefore, reliant on member 

organisations moral suasiveness and peer pressure.  

A systemic risk identification framework is inherently embedded into FSB’s structure (FSB, 

2020a). In general, this framework focuses mostly on the systemic risk which arises from 

systemically important financial institutions (SIFI). To mitigate possible backlash from 

systemic risk related failure, the FSB advises strengthening the existing supervision framework 

intensity toward riskier financial institutions, a resolution framework for the prevention of 

possible financial institutional collapse, and bolstering the robustness of the financial market 

infrastructure by setting international standards for payment systems, securities settlement 

systems, OTC derivatives contracts, and central counterparties. For the identification and 

monitoring of systemic risk, the board argues that various aggregate indicators of systemic 

imbalances and market conditions should be monitored through integrated monitoring systems 

such as dashboards and heatmaps, while the identification should be done through various risk 

and common exposure metrics, keeping in mind the importance of country- and context-

specific factors. The FSB includes all major G20 economies under its jurisdiction, four 

international financial institutions such as the World Bank and International Monetary Fund 

(IMF), and six international standard setting bodies (FSB, 2020b). Figure 5 Financial Stability 

Board (FSB) organization and members illustrates the organization of FSB and highlights all 

of the member institutions.   

Basel Committee on Banking Supervision (BCBS) is coordinated by the FSB to develop 

global regulatory standards for banks and is the primary global standard-setter for prudential 

banking regulation. It encompasses 45 members from 28 jurisdictions. The members include 

country central banks and authorities with powers to influence banking regulation. While the 

majority of recommendations and methodologies inherently align with the ones from FSB, 

BCBS focused its attention and effort toward the broader economic landscape by analysing 

global systemically important banks (GSIB). Succinctly, by utilizing indicators such as bank 

size and substitutability, GSIBs are identified and “bucketed” according to the impact that 

bank’s failure can have on the global economy and global financial system (BCBS, 2018). 

Perhaps the most well-known contribution of the BCBS can be seen in the Basel Accords – a 

global, voluntary regulatory framework that was developed to address financial regulation 

deficiencies by mandating several key principles such as certain capital adequacy levels, 
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market liquidity requirements and certain leverage ratios for a bank to be Basel compliant, 

thereby helping regulate systemic risk exposure (BCBS, 2020).  

Figure 5 Financial Stability Board (FSB) organization and members 

 

Source: author’s work according to FSB (2020b) 

 

Despite these two standard setting institutions being most prevalent and important in assessing 

systemic risk exposure, several other institutions must also be outlined. Although the 

International Association of Insurance Supervisors (IAIS) focuses mainly on the insurance 

industry, their holistic framework to assess and mitigate many types of risks – including 

systemic risk, liquidity risk, cyber risk, and climate risk – has led to a framework whereby such 

risks are considered as “key factors” whose impact can lead to a chain-like wide reaching 
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systemic impact on the financial market. Additionally, asset liquidation, critical functions and 

exposure channels have been identified as the main transmission channels of systemic risk 

(IAIS, 2016).  

The intergovernmental economic Organisation for Economic Co-operation and 

Development (OECD) is another member of the FSB which, among others, studies systemic 

risk. In their Emerging Systemic Risks in the 21st Century: An Agenda for Action (2003) book, 

the organisation draws the over-arching conclusion that systemic risks by nature of their 

existence require a systemic response to be combated. OECD presents a set of general 

recommendations which include: adopting new and innovative policy approaches to risk 

management, implementing similar monitoring requirements for the public and private sectors 

alike, strengthening international co-operation in all facets of risk management to facilitate the 

required systemic responses and making better use of emerging technologies to aid in the 

research and monitoring efforts – a perfect opportunity for the usage of business intelligence. 

Next, the International Organization of Securities Commissions (IOSCO) should be 

mentioned as it is recognized as the global standard-setter for more than 95% of global security 

markets in more than 115 jurisdictions. The main objectives of the organisation revolve around 

maintaining fair, efficient and transparent markets whilst seeking to address systemic risks. 

Accordingly, IOSCO studied systemic risks and their transmission mechanisms and came to 

recognise three channels of financial distress transmission, namely the counterparty channel, 

the market channel, and the substitutability channel (IOSCO, 2014). These findings further 

corroborate BCBS’s and FSB’s previous research and highlight another area of necessitated 

high supervision.  

Finally, two of the largest international financial institutions and organisations fostering global 

monetary cooperation and financial stability should be mentioned – the World Bank and the 

International Monetary Fund (IMF). Both institutions contribute a wealth of knowledge on 

a myriad of topics ranging from the functioning of financial market to global economic 

challenges, as such, systemic risk is also naturally ingrained in this research and discussed. The 

World Bank (2010) identified several channels or contagions of systemic risk transmission 

which grow as a result of the interconnectedness between institutions, markets and 

infrastructure and their innate disturbances. By studying and monitoring these deficiencies, 

shortcomings in the banking resolution framework can be revealed. IMF (2020a) also 

highlights the systemic risk transmission channels as contagious and emphasize the Minsky 

cycle – a period in which the economy does well, optimism changes, and agents tend to invest 
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more in the riskier asset – as the most important determinant of systemic fallout and economic 

instability. Once again, as the institution which coordinates all the ones outlined above, the 

FSB is the one which determines whether to accept the recommendation from member 

international standard setting bodies and whether to publish it or not. 

3.1.2. European Union institutions 

On the level of the European Union, before and during the 2008 financial crisis, financial 

stability was ensured through central bank policies and the supervision of individual financial 

institutions, i.e. micro-prudential supervision. In the aftermath of the crisis it was clear that 

ensuring lasting financial stability of the financial sector can only be achieved through the 

harmonisation of the overarching legislature as well as more robust institutional structures, 

financial infrastructure and related procedures. For this reason, the European System of 

Financial Supervisors (ESFS) was created, encompassing national supervisors (such as central 

banks), three European Supervisory Authorities (ESAs) – the European Banking Authority 

(EBA), the European Securities and Markets Authority (ESMA) and the European Insurance 

and Occupational Pensions Authority (EIOPA), and the fully specialized European Systemic 

Risk Board (ESRB). Figure 6 European System of Financial Supervision (ESFS) depicts 

ESFS’s organization and hierarchy, as well as the communication channels and cooperation 

between subentities.  
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Figure 6 European System of Financial Supervision (ESFS) 

 

Source: author’s work 

 

The ESFS objectives focus on preserving financial stability, providing protection for European 

consumers and promoting confidence by adequate micro- and macro-prudential reform and 

rule implementation, thus facilitating common supervisory culture and a single European 

financial market (ESFS, 2020). The most discerning difference between ESAs and the ESRB 

is that the former deals with micro-prudential regulation and supervision, whereas the latter 

focuses on macro-prudential issues. All three ESAs are organised in a same manner, and play 

a role in facilitating the proper functioning on the internal market, ensuring the soundness and 

effectiveness of the financial markets through integrity, transparency of undertaking, and 

assurance of international supervisory coordination (ESFS, 2020).  
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The European Systemic Risk Board (ESRB) is responsible for the macroprudential oversight 

of the EU financial system and the prevention and mitigation of systemic risk (ESRB, 2020d). 

The decision-making body of ESRB is its General Board, meeting at least four times a year 

and responsible for issuing recommendations and warnings (ESRB, 2020d).  

Figure 7 European Systemic Risk Board (ESRB) - General Board below depicts the 

organizational structure of the ESRB’s General Board. The circle outline indicates voting 

rights, with 38 representatives possessing voting right and 61 without. 

 

Figure 7 European Systemic Risk Board (ESRB) - General Board 

 

Source: author’s work based on ESRB (2020c) 
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As the more specialized and macro-prudently oriented institution, the ESRB’s goal revolves 

around the prevention and systemic financial stability risks mitigation. Same as with other 

standard setting bodies, the ESRB detects risks to the financial system as a whole, and issues 

warnings and recommendations when needed. To comprehensively monitor and understand 

macroprudential risks, the board collects and analyses relevant information, identifies and 

prioritizes systemic risks, issues warnings and recommendations, carries out tasks specified in 

EU legislation and coordinates its actions with other international financial and standard setting 

institutions such as the International Monetary Fund (IMF) and the Financial Stability Board 

(FSB) (ESRB, 2020b). 

3.1.3. Institutions in Croatia 

As is the case in most countries, the central bank is the main regulatory institution responsible 

for systemic risk. The single most important body for systemic risk management and 

macroprudential policymaking is The Croatian Financial Stability Council. The Financial 

Stability Council was founded by the financial stability council act passed by the Croatian 

Parliament on December 20th, 2013 (Zakon o Vijeću za financijsku stabilnost, NN159/13). The 

law governs issues in the field of financial stability, the formulation and implementation of 

macroprudential policy and its objectives, the establishment, operation, and jurisdiction of the 

aforementioned council, as well as various other issues in respect to the implementation of 

macroprudential policies. The council itself is an inter-institutional body that regulates and 

shapes the macroprudential policy of the Republic of Croatia. It is composed of representatives 

from the Croatian National Bank (HNB), the Croatian Financial Services Supervisory Agency 

(HANFA), the Ministry of Finance (MF), and the State Agency for Deposit Insurance and Bank 

Resolution (DAB). Figure 8 Croatian Financial Stability Council below depicts the financial 

stability council members. 
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Figure 8 Croatian Financial Stability Council Representatives 

 

Source: author’s work according to HNB (2020a) 

As seen in the figure above, there are 10 members of the financial stability council. The 

Croatian National Bank (HNB) has the most representatives (4) followed by HANFA, MF and 

DAB all of whom have 2 representatives on the council. The circle outline indicates voting 

rights, with 8 representatives possessing voting right and 2 without. In the event of a tie, the 

President of the Council casts the deciding vote (HNB, 2020a). 

The main tasks and powers of the council, as defined by the act, include:  

1) Shaping of the macroprudential policy of the Republic of Croatia  

2) Identification, assessment and consideration of systemic risks 

3) Ensuring cooperation and exchange of information between competent and supervisory 

authorities, especially in the event of crises 

4) Undertaking activities that help meet the requirements from the warnings and 

recommendations of the ESRB, and the preparation of appropriate justifications in case 

of non-compliance with these requirements 

5) Harmonization of methodologies pertinent to the identification of systemically 

important financial institutions or structures 
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6) Issuing recommendations and warnings in relation to systemic risks and financial 

stability 

7) Participation in designing and implementing relief measures for the recovery and 

rehabilitation of credit institutions and non-bank financial institutions 

8) Participation in the design of the deposit insurance system 

9) Participation in the design of investor protection systems 

10) Other tasks outlined in the Financial Stability Council Act 

The most important task of the council relates to the issuance of warnings and 

recommendations to competent bodies, other state administration bodies and legal persons with 

public authority operating in the Republic of Croatia (Croatian National Bank – Financial 

Stability Department, 2020). The warnings mostly serve as tools which draw attention to 

systemic risks that might endanger the country’s financial stability, whereas recommendations 

are utilized mostly to highlight the necessity for the introduction of new or the amendment of 

existing financial stability preservation measures and instruments. Competent bodies and legal 

persons to whom the council has issued a recommendation are mandated to act in accordance 

with the recommendation and required to regularly inform the council of the activities 

undertaken to enforce and implement the recommendation. 

3.2. Measuring systemic risk 

The importance of systemic risk definition and measurement, as already discussed, lies in the 

underlying assumption that with proper supervision and monitoring, actionable decisions can 

be made. Regulators aim to minimize the risk of systemic events within the financial system 

occurring in the first place, to ensure that the system as a whole does not have vulnerabilities 

to such events, an finally to limit the initial shock transmission through contagion channels 

(Smaga, 2014). Hansen (2012) notes that the two prerequisites are necessary for suitable 

systemic risk measurement: (i) the formalization of the concept of systemic risk; and (ii) the 

acquisition of data necessary to support the measurement. The concept of systemic risk has 

already been explored in the chapter on systemic risk definition, while this chapter will explore 

different methods of measuring systemic risk and metrics used to achieve that goal. Although 

the complete overview of systemic risk measures is beyond the scope of this paper, the 

taxonomy of systemic risk indicators as well as description of selected commonly used 

measures will be presented.  
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3.2.1. Taxonomy of systemic risk indicators 

Since the financial crisis of 2008, systemic risk received great attention from regulators, central 

banks, and researchers who proposed a staggering number of different metrics. De Bandt et al. 

(2013) classified the measures used in systemic risk supervision into four distinct categories: 

indicators based on financial institutions, measures focusing on financial infrastructures, 

indicators on interconnectedness and contagion networks and financial sector indicators. 

Figure 9 Systemic Risk Measures below illustrates these four main categories of risk 

measures2.  

Figure 9 Systemic Risk Measures 

 

Source: De Bandt et al. (2013) 

Institution-level indicators focus on systemic importance and systemic fragility of financial 

institutions and will be discussed in more detail in a separate subchapter. Measures of systemic 

risk that fall into the financial infrastructure bucket pertain to the cross-sectional dimension of 

systemic risk and test the resilience of financial markets to shocks (De Bandt et al. 2013). 

Indicators on interconnectedness, on the other hand, measure the network effects of an 

interconnected financial system using a descriptive approach and analysis of contagion 

mechanisms. Finally, systemic risk measures within the category of financial sector include 

synthetic indicators and early warning systems.  

                                                 
2 Table with a full list of measures of systemic risk by De Bandt et al. (2013) available in the Appendix 1 Overview 

of Measures of Systemic Risk 
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Blancher et al. (2013) provide an alternative classification of systemic risk measures, focusing 

on different phases of systemic risk and models which are appropriate for each of the phases. 

Table 3 Categorization of Systemic Risk Models and MeasuresError! Reference source not 

found. below shows the classification of systemic risk models and measures by Blancher et al. 

(2013).  

 

Table 3 Categorization of Systemic Risk Models and Measures 

 

Source: author’s work based on Blancher et al. (2013) 

 

Measurement 

classification 

basis 

Categories Explanation Measurement focus

Buildup phase

Increase in the level of systemic 

risk over time due to 

overheating, increased risk-

taking etc.

Monitoring wheather the likelihood 

for the crisis is increasing

Shock 

materialization

Economic and financial system 

already fragile and susceptible to 

shocks

Assesment of potential losses in the 

financial system and real sector

Amplification and 

propagation

Initial shock could affect other 

financial institutions, markts and 

sectors, including other countries

Measurement of inerconnectedness 

in the financial system, crossborder 

exposures and monitoring potential 

fire sales

Individual financial 

institutions and 

markets

Focus on the systemically 

important financial institutions 

(SIFI)

Monitoring equity price deviations 

from fundamental analysis

Risk transmission 

channels

Interactions between financial 

institutions and method of risk 

transmission

Marginal contribution of individual 

financial institution to the level of 

systemic risk

The whole financial 

system and the 

economy

Capturing the risk that the entire 

financial system is impaired

Crisis prediction and stress-test 

models, general equilibrium models

Credit risk
Probability of defaults, potential 

losses

Stress-testing, loss-gived default 

(LGD)

Liquidity risk
Financial insttution's liquidity and 

market's liquidity

Liquidity ratios, collateralization 

channels

Market risk
Aggregate measures of market 

volatility

Stress-testing for interest rates and 

exchange rates changes, asset 

prices shocks

Systemic risk 

phase

Level of 

aggregation

Types of risk
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Blancher et al. (2013) differentiate between the buildup phase, shock materialization phase and 

the final phase of amplification and propagation. The underlying idea is that during the 

systemic risk buildup phase it is important to focus on the indicators of systemic event 

likelihood and aim to decrease the probability of such a shock. In the case that a systemic event 

is already very likely to occur it is better to focus on measures of potential losses and policies 

that will minimize the effects on the financial system and the economy. Finally, if the initial 

shock has already occurred, it is crucial to focus on the measures of interconnectedness of the 

financial system and monitor cross-border activities to reduce the amplitude of contagion and 

spillover effect.  

3.2.2. Systemically important financial institutions 

The concept of systemically important financial institutions (SIFI) has been introduced 

following the financial crisis of 2008. The Dodd-Frank Act – a legislative response to the 

financial crisis – enabled the establishment of the Financial Stability Oversight Council 

(FSOC), which has the authority to label financial institutions as systematically important. 

Systemically important financial institutions are defined as those financial institutions whose 

distress or disorderly failure would cause significant disruption to the wider financial system 

and economic activity (FSB, 2010; 2013). The main factors driving financial institutions to be 

deemed as systemically important are their size, complexity and interconnectedness with other 

entities within the financial system. These factors aim to address two problems associated with 

SIFIs: too-big-to-fail (TBTF) and too-connected-to-fail (TCTF).  

The FSB currently publishes an annual list of globally systemically important institutions (G-

SIFI), focusing on globally systemically important banks (G-SIB) with plans to incorporate 

insurers as well (FSB, 2019a; 2019b). Banks listed as G-SIBs3 are then required to uphold to 

more rigorous regulatory requirements, namely to increase their capital buffer, total loss-

absorbing capacity and higher standards with regards to resolution planning and meeting 

supervisory expectations (FSB, 2019a). The same set of principles are then downscaled from 

global perspective to regional and national levels. For example, the Croatian National Bank 

publishes a list of “Other systemically important credit institutions” imposing the additional 

capital requirements on these institutions4.  

                                                 
3 2019 list of G-SIBs is available in the appendix 
4 2019 list of Other systemically important banks in Croatia is available in the appendix 
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The supervision framework for systematically important financial institutions has been well 

defined and extensively elaborated. However, there are still suggestions for improvement of 

methodology. Brühl (2017) proposes a threefold SIFI test based on an institution’s global 

market relevance, high level of risk potential and high level of interconnectedness. Figure 10 

SIFI identification test depicts the proposed methodology with three identification tests 

required for a financial institution to be classified as systemically important.  

 

Figure 10 SIFI identification test 

 

Source: Brühl (2017) 

 

3.2.3. Popular institution-level indicators  

Institution-level measures capture the indicators of systemically relevant institutions, primarily 

banks and insurance companies, as well as market data. Market data is mostly used for potential 

predictions of systemic disruptions as market prices represent a forward-looking perspective. 

Three market measures of systemic risk deserve special attention, as they are used extensively 

by regulators: CoVaR, DCoVaR, MES, SES and SRISK. Table 4 Measures of systemic risk 

below presents these institution-level measures of systemic risk.  
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Table 4 Measures of systemic risk – Institution-level quantile approach 

 

Source: author’s work based on De Bandt et al. (2013) 

 

All of the measures mentioned above stem from one popular indicator in risk management, 

Value at Risk (VaR). VaR measures the maximum loss of a certain portfolio in a specified time 

period (e.g.1 month) and given the certain confidence level (e.g. 95%), expressed as a 

percentage. Conditional VaR (CoVaR) builds on this concept and measures the contribution of 

the specific institution to the VaR of financial system, indicating systemic importance of 

financial institution. DCoVaR, furthermore, measures the difference between CoVaR of the 

financial system conditional on an institution being in distress and the CoVaR conditional on 

the median state of the institution. Marginal Expected Shortfall (MES) measures the marginal 

contribution of an institution to systemic risk, while Systemic Excpected Shortfall (SES) 

measures an institution’s propensity to be undercapitalized when the system as a whole is 

undercapitalized. Finally, SRISK measures the institution's capital shortfall conditional on a 

severe market decline, as a function of its size, leverage and risk. 

Indicator Author Measuring Explanation

CoVaR

Tobias Adrian and 

Markus K. 

Brunnermeier 

(2008)

Systemic importance

Conditional Value at Risk 

measures the contribution of the specific 

institution to the VaR of financial system

DCoVaR

Tobias Adrian and 

Markus K. 

Brunnermeier 

(2014)

Systemic importance

DCoVaR measures the difference between 

CoVaR of the financial system conditional 

on an institution being in distress and the 

CoVaR conditional on the median state of 

the institution

MES
Acharya et al. 

(2009, 2010, 2012)
Systemic fragility

Marginal Expected Shortfall 

mesures the marginal contribution of an 

institution to systemic risk

SES
Acharya et al. 

(2009, 2010, 2012)
Systemic fragility

Systemic Expected Shortfall

measures institution's  propensity to be 

undercapitalized when the system as a

whole is undercapitalized

SRISK
Brownlees and 

Engle (2011)
Systemic fragility

SRISK measures the institution's capital 

shortfall conditional on a severe market 

decline, as a function of its size,  leverage 

and risk
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4. BUSINESS INTELLIGENCE TOOLS AND ADVANCED 

ANALYTICS 

4.1. Definitions of business intelligence and advanced analytics 

Advanced analytics and business intelligence are both irreplaceable parts of any organization’s 

decision-making process. With the exponential increase in data availability, diversity, and 

available computing power, it is more important than ever to utilize these tools properly. This 

chapter will shine a light upon the definitions of business intelligence and advanced analytics 

as well as discuss the distinction between the two terms. 

4.1.1. Definition of business intelligence 

Business intelligence, in a broad sense, can be understood simply as an organization’s 

capability to utilize available information to achieve competitive advantage (Ćurko, 2002). 

Furthermore, as will be elaborated in the following chapter on historical development of BI 

and advanced analytics, these two terms both stem from the broader field of analytics. 

Richardson et. al. (2020) therefore provide a collective and comprehensive definition for 

analytics and business intelligence (ABI) as “easy-to-use functionality that supports a full 

analytic workflow - from data preparation to visual exploration and insight generation - with 

an emphasis on self-service and augmentation.”. Easy-to-use functionality indicates that the 

learning curve to use a business intelligence solution should not be steep and should therefore 

be accessible to consumers with a non-technical background. A full analytic workflow 

incorporates all of the extract, transform, and load (ETL) data processing tasks as well as data 

visualizations. Ćurko, Pejić Bach & Radonić (2007) point out the three most commonly 

adopted technologies of BI: (i) data warehousing (DWH), (ii) online analytical processing 

(OLAP) tools and (iii) data mining. Generally speaking, BI tools traditionally focus on a 

hindsight view and use ETL functions to provide human-readable data visualizations on 

specified key performance indicators (KPIs).  

4.1.2. Definition of advanced analytics 

Advanced Analytics build on top of traditional business intelligence solutions and serve as a 

broader term that encompasses sophisticated tools – usually beyond the scope of traditional BI 
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tools - including the application of artificial intelligence (AI). Another important factor is that 

advanced analytics pertain to semi-autonomous or fully autonomous solutions (Gartner, 2020). 

This means that users who are not themselves experts in applying complex algorithms to drive 

insights can still utilize sophisticated techniques such as artificial intelligence, machine 

learning, pattern matching, forecasting, visualization, semantic analysis, sentiment analysis, 

network and cluster analysis, multivariate statistics, graph analysis, simulation, complex event 

processing and neural networks (Gartner, 2020). EBA (2020a) defines advanced analytics as a 

broad pool of techniques and tools which utilize big data to deliver predictive and prescriptive 

analysis. One can conclude that advanced analytics is a term used to describe a combination of 

statistical analysis methods and artificial intelligence applications to serve a function of 

providing insights within the scope of a certain business problem.  

4.1.3. Distinction between business intelligence and advanced analytics 

When describing analytics and business intelligence (ABI), Richardson et al. (2020) highlight 

15 different capability areas: security, manageability, cloud, connectivity, data preparation, 

complexity, artefact catalog, automated insights, advanced analytics, data visualization, natural 

language querying, data storytelling, embedded analytics, natural language generation and 

reporting. It is clear that there is a need to combine these two terms into a single concept as the 

tools are not only used in coordination and simultaneously, but are also often integrated within 

the same software solution. However, this does not mean that the terms business intelligence 

and advanced analytics should be used interchangeably – on the contrary, there is a clear 

distinction. Figure 11 Business Intelligence vs. Advanced Analytics shows the relation 

between business intelligence and advanced analytics within the broader category of analytical 

tools.  
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Figure 11 Business Intelligence vs. Advanced Analytics 

 

Source: Rapidminer (2020) 

 

Business intelligence tools utilize OLAP queries and dashboard reporting for data discovery. 

BI solutions, therefore, enable measurement of past performance through a set of automatic 

calculations and measures, as well as provide an easily readable presentation of large volumes 

of data. Advanced analytics effectively start where BI software ends. Specifically, AA enables 

automatic utilization of sophisticated methods for predictive and prescriptive modelling 

(Rapidminer, 2020). Figure 12 Data Analytics Maturity Model below illustrates this difference 

between business intelligence and advanced analytics. Business intelligence tools are mostly 

used for descriptive and diagnostic analytics by utilizing data external and internal to an 

organization. Essentially, BI tools are primarily concerned with performing hindsight analysis 

and deriving insights for future planning. Conversely, advanced analytics aim to provide 

foresight using predictive and prescriptive models leading to optimization and decision-

making.  

 



35 

 

Figure 12 Data Analytics Maturity Model  

 

Source: author’s work based on Gartner (2020), Rapidminer (2020) and other sources 

 

The end result of business intelligence tools are interactive dashboards which showcase a 

rearview orientation on business events analysis, consequently answering questions such as 

“What happened?”, “When?” and “How many?”. BI tools use different sets of predefined 

metrics to analyze past performance. However, the knowledge generation itself has to be done 

manually by business users. In contrast, advanced analytics automatically provide insights and 

utilize predictive modelling, statistical processing and optimization to answer questions about 

the future: “What will happen?” and “What will occur if specific variable changes value?” 

(Rapidminer, 2020). 

4.2. Historical development of business intelligence and advanced 

analytics 

The concepts of Business Intelligence (BI) and Advanced Analytics (AA) are very closely 

linked to one another and – as we shall see from this chapter – share a large chunk of common 

history. Much like systemic risk (which we traced as far back as the 17th century), Business 

Intelligence finds its historical roots with Richard Millar Devens who first coined the term in 

1865 (Davis and Woratschek, 2015). Devens, the authors explain, used the term to describe 
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how a banker profited by receiving and acting upon information about his environment before 

his competitors could. It took almost an entire century since then for the term Business 

Intelligence to gain traction in scientific literature once more. Many scholars (Davis and 

Woratschek, 2015; Grossmann and Rinderle-Ma, 2015; Pavkov, Poščić and Jakšić, 2016) 

commonly note that it was Hans Peter Luhn who once again re-coined the term in his 1958 

article “A Business Intelligence System”, thereby marking the beginning of its more 

contemporary development. These “prehistoric” events – as Grossmann and Rinderle-Ma 

(2015) humorously refer to them – ultimately led to the development of Decision Support 

Systems (DSS) and, some three decades later, to Business Intelligence as we know it today. 

Before we delve deeper into modern Business Intelligence concepts and tools, one must first 

take a look at its early development in the context of DSS. Decision Support Systems mainly 

evolved early in the era of distributed computing with the introduction of IBM System 360 – 

the world’s biggest and fastest computer at the time (Power, 2007; da Cruz, 2019). Power 

(2007) provides an interesting look at the computing advances brought on by IBM’s hardware 

innovation: the IBM System 360, firstly, made it more practical and cost-effective to develop 

Management Information Systems (MIS) in large companies. This meant managers could now 

process accounting and/or transaction data and receive structured reports printed on a sheet of 

paper. Secondly, the data-processing capabilities brought on by the IBM computer spawned 

numerous scientific articles throughout the late 1960s and early 1970s which generated more 

public interest and led to further advances in the field. In 1971, for example, Michael Scott 

Morton published a groundbreaking book titled “Management Decision Systems: Computer-

Based Support for Decision Making” in which he studied how computers and analytical models 

could help managers make key business decisions. Marketing and production managers in Scott 

Morton’s study were given an MDS to coordinate production planning for laundry equipment. 

This utilization of a computer-based MDS was a pioneering implementation and research test 

of a model-driven research support system (Power, 2007). Indeed, it marked the beginning of 

a series of business- and performance-related tests which culminated during the 1990s, with 

the advent of the World Wide Web. 

According to Power (2007): “Beginning in approximately 1995, the World Wide Web and 

global Internet provided a technology platform for further extending the capabilities and 

deployment of computerized decision support. The release of the HTML 2.0 specifications with 

form tags and tables was a turning point in the development of web-based DSS”. These 

important innovations led to the development of OLAP (Online Analysis Processing) and 
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ROLAP (Relational Online Analytical Processing) – two analytical processing tools which 

formed the foundation of modern BI (Kateeb, Humayun and Bataweel, 2014; Davis and 

Woratschek, 2015). Pavkov, Poščić and Jakšić (2016) further solidify this claim by stating that 

this phase of BI development is often referred to as “BI 1.0”. Furthermore, the 1990s not only 

saw developments in the area of data management, but also in data mining and predictive 

analytics (Grossmann and Rinderle-Ma, 2015). The authors go on to explain that all of these 

concepts started getting grouped under the name business analytics by the end of the 1990s, 

making it seem like BI was a collection of very loosely related and heterogeneous set of tools 

used to support a plethora of tasks within a business. “Hence” – the authors conclude – “it was 

necessary to consolidate the different lines of development and to focus again on the decision 

support perspective”. 

The dawn of the 21st century thus marked a distinct turning point as further technological 

development meant more specialized tools could be created in order to ease decision support 

across an entire organization. This transformation is referred to as “BI 2.0” and is characterized 

by an array of innovative technologies: (i) real-time data handling; (ii) SaaS; (iii) cloud 

computing; (iv) social networks; (v) linked data; and (vi) opinion mining (Trujillo and Maté, 

2012). Grossmann and Rinderle-Ma (2015) further state that one can nowadays find a well-

structured understanding of the business logic in almost all domain areas, thereby integrating 

workflow considerations and process mining into BI itself. Yet in the wake of this technological 

and data revolution, many organizations started experimenting with Advanced Analytics as a 

tool to help them stay competitive (Rose et al., 2017). The two concepts discussed within this 

chapter – BI and AA – only started to diverge as recently as 10 years ago. The authors note 

how AA go beyond traditional BI solutions to incorporate algorithmic techniques from 

machine learning, artifcial intelligence, natural language processing and other computer 

science disciplines. Although these techniques are becoming more and more prevalent 

(especially in larger, multinational corporations), they still represent a significant learning 

challenge and require in-depth knowledge to properly operate and analyze (Rose et al., 2017). 

4.3. Classification of business intelligence tools and advanced analytics 

As already noted in the previous chapter, there is a strong connection between BI tools and 

advanced analytics, but also a clear distinction. These concepts will be discussed in more detail 

in this chapter, presenting the popular BI tools and most common advanced analytics methods. 
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4.3.1. Comparison of different business intelligence tools 

Business intelligence tools range from those offering full-stack solutions to the ones with solely 

visualization capabilities. The most popular BI tools are easy to integrate into the existing 

information technology infrastructure, provide scalable solutions and are simple to access for 

all users. Gartner (2020) provides a comprehensive tool to analyze vendors of leading business 

intelligence solutions and, more importantly, the products themselves. Figure 13 Gartner's 

Business Intelligence Magic Quadrant below shows how the most popular BI products compare 

to one another. 

Figure 13 Gartner's Business Intelligence Magic Quadrant 

 

Source: Gartner (2020) 

Gartner (2020) uses its Magic Quadrant to analyze BI tools with respect to two aspects: 

completeness of vision and ability to execute. While ability to execute pertains to the capability 

of software to match current demand, completeness of vision stands for the preparedness for 



39 

 

future changes in the demand and ability to add new features. Niche players are focused on a 

relatively small market segment and are currently not able to capture wider market. Challengers 

dominate the market with their products, but might be unprepared to meet the changing 

demand. Visionaries understand the market trends, but are not yet able to provide a competing 

product. Leaders are already capturing sizeable market with their competitive product and are 

also aware of the potentially disruptive changes in technology and demand (Gartner, 2020). 

When inspecting the latest Gartner’s magic quadrant, two specific products stand out, Tableau 

Software and Microsoft’s Power BI. However, not all projects will require the same solution 

(Watson, 2009). Large-scale projects might need custom, tailor-made solutions because of the 

pure scale of the solution and resources needed for training, maintenance and change 

management. Other important issue, especially for national and supranational organizations, is 

information system security and concern about data privacy.  

4.3.2. Advanced analytics methods 

Advanced analytics has already figuratively been described as a catchall term for different 

statistical methods and artificial intelligence algorithms, which go beyond the scope of business 

intelligence solutions. Not only is it oftentimes confused with artificial intelligence, advanced 

analytics are almost inseparable from the concept of big data, which is a primary requirement 

for sophisticated modelling (FSB, 2017; BIS, 2018). Furthermore, advanced analytics 

incorporate various mathematical models and data transformation techniques. For example, 

even if the topic is limited to systemic risk, advanced analytics can refer to standard 

econometric models such as vector autoregression (VAR), systemic risk measures such as 

SRISK (Engle, 2018) , machine learning (ML) algorithms such as principal component analysis 

(PCA) (Nucera et al, 2016) and optimization models such as systemic risk minimization model 

(Castellano et al., 2020). One important distinctive characteristic of advanced analytics is that 

these models should be autonomous or semi-autonomous within the system (Gartner, 2020). 

Once developed, they should not require continuous oversight by professionals who 

implemented the model. This is different from the majority of machine learning and advanced 

statistical model algorithms, which are continuously revised by the authors. Out of these 

methods of advanced analytics, artificial intelligence and machine learning algorithms deserve 

special attention. The applications of AI and ML for analytics in securing financial stability 

will be discussed in more detail in the following chapters.  
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4.4. Applications of business intelligence and advanced analytics 

4.4.1. Applications of business intelligence  

Application of business intelligence tools does not always have the same end goal. Watson 

(2009) distinguishes three main BI targets according to the differences in terms of scope of the 

project, required resources, level of adoption by management, technical architecture, types and 

level of benefits the project will bring as well as impact on personnel and already established 

business processes. For specific projects, organizations will sometimes require a single BI 

application, for other BI infrastructure that will support both current and future tasks might be 

needed while some institutions will require full organizational transformation (Watson, 2009). 

Spremić (2017a) explains digital transformation as quick and thorough adaptation of its core 

business activities, including processes, structure and strategy.  

There are many examples of application of business intelligence in corporations. Figure 14 

Use cases for Business Intelligence in Corporations depicts the most common uses of BI 

solutions within corporations.  

Figure 14 Use cases for Business Intelligence in Corporations 

 

Source: BARC (2020) 
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The leading tasks require highly analytical approach and regular oversight, benefit from the 

interactive dashboard features, automation of ETL processes and reporting. Where business 

intelligence tools really stand out is the ability to incorporate both various types of data as well 

as new models for data analysis and graphical representation features. Probably the best recent 

example of utilizing visual representation part of BI solutions is the current global COVID-19 

pandemic5, incorporating geographical code data (Joao, 2020). 

4.4.2. Applications of advanced analytics 

The development of advanced analytics is highly dependent on the rapid developments in 

digital technologies. Spremić (2017b) distinguishes between basic, already existing digital 

technologies and emerging digital technologies, which will shape the business landscape of 

tomorrow. Big data and cloud computing are the single most crucial digital technology 

enabling advanced analytics, making it possible to access vast amounts of data and process the 

data efficiently.   

Advanced analytics are applied in more and more industries within both businesses, nonprofits 

as well as governmental and supranational organizations. Henke et al. (2016) list almost 

completely exhaustive list of industries in their research on current and future use of advanced 

analytics, including healthcare, retail, education, public sector, life sciences, smart cities etc. 

Authors estimate a huge potential of $260B just in the sector of retail banking as a direct impact 

of data integration. The applications of advanced analytics will require trained personnel, 

which is not currently available on the labor market, specifically in the roles of data scientists, 

machine learning engineers, but also more traditional positions as database managers, 

engineers and security professionals. Henke & Kaka (2018) highlight the utilization of 

advanced analytics across different departments within large organizations, from marketing 

and sales to operations, human resource management and risk management. Advanced 

analytics is at the core of the Fourth industrial revolution and fuels the further increase in 

productivity, which will ultimately lead to disruption.   

Utilization of advanced analytics is especially present in the financial sector – banks, insurance 

companies and investment management companies for example. The next chapter will go into 

more detail with regards to application of advanced analytics in financial sector and in 

regulatory agencies, with special focus on systemic risk supervision. 

                                                 
5 See for example https://coronavirus.jhu.edu/map.html, Power BI version, Tableau version  

https://coronavirus.jhu.edu/map.html
https://app.powerbi.com/view?r=eyJrIjoiZGYxNjYzNmUtOTlmZS00ODAxLWE1YTEtMjA0NjZhMzlmN2JmIiwidCI6IjljOWEzMGRlLWQ4ZDctNGFhNC05NjAwLTRiZTc2MjVmZjZjNSIsImMiOjh9
https://www.tableau.com/covid-19-coronavirus-data-resources
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5. UTILIZATION OF BUSINESS INTELLIGENCE TOOLS 

AND ADVANCED ANALYTICS IN SYSTEMIC RISK 

SUPERVISION 

5.1. Overview of existing implementations 

Business intelligence tools and advanced analytics will become one of the drivers of innovation 

in the fields of supervisory technology (SupTech) and regulatory technology (RegTech). 

Moreover, some technological solutions pertaining to this classification are already in use. 

Broeders & Prenio (2018) categorize the current use cases into data collection and data 

analytics. Authors recognize that SupTech already supports supervision by digitizing the 

processes such as reporting, integrating signalling systems and automatic forecasting. Figure 

15 Utilization of SupTech in Financial Supervision below illustrates the current use cases of 

SupTech. 

Figure 15 Utilization of SupTech in Financial Supervision 

 

Source: Broeders & Prenio (2018) 

 

More specifically, business intelligence and advanced analytics have also found their way into 

systemic risk supervision. International regulatory, supervisory and academic institutions 
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began implementing BI tools and applying advanced analytics to better utilize available data, 

automate solutions and increase efficiency of their researchers and practitioners. The remainder 

of this chapter will cover some of the implementations of business intelligence tools and 

advanced analytics to produce systemic risk supervision dashboards - visualization approach 

to systemic risk monitoring. 

5.1.1. International supervisory organizations 

One of the most detailed documents on systemic risk supervision tools is the International 

Monetary Fund’s (IMF) user guide for “SysMo”, a systemic risk-monitoring toolkit.6 Based on 

this toolkit, IMF’s Global Financial Stability Report 7 was developed - covering a range of 

topics from credit and emerging markets to the banking sector and the effect climate change 

has on equity prices. SysMo serves as one of the best set of guidelines in developing dashboard 

solutions for systemic risk supervision. It contains both an overview and synthesis of systemic 

risk measures, as well as a proposal of the supervision dashboard itself (Blancher et al., 2013). 

The supervision dashboard proposal can be found in Appendix 4 Systemic Risk Monitoring 

Toolkit: IMF Sample Dashboard. In the United States, the Federal Reserve (FED) Bank of 

Cleveland’s Systemic Risk Indicator8 and the U.S. Department of Treasury Office of Financial 

Research’s (OFR) Bank Systemic Risk Monitor are good examples of utilization of business 

intelligence tools. Cleveland FED’s Systemic Risk Indicator tool was developed based on the 

research by Saldias (2013) and shows the changes in systemic risk in US financial services 

industry according to the widespread insolvency in the US banking system (FED, 2020). The 

most interesting dashboard among these, due to its interactive format and multiple sources of 

data, is the one by OFR.9 The OFR’s idea behind the interactive visualizations approach to 

monitoring financial stability is grounded in research. Flood et al. (2015) argue that visual 

analytics bring potential benefits for financial stability monitoring. Authors classify the 

visualization techniques as static or dynamic, and noninteractive and interactive, thus 

contriving four distinct categories. Table 5 Four categories of visualization techniques below lists 

the four visualization techniques and provides an example for each. Interactive-static 

visualization is the cornerstone of business intelligence dashboards, and is far more beneficial 

than the noninteractive-static counterpart is. Moreover, advanced analytics and business 

                                                 
6 See Blancher et al. (2013) and Appendix 4 Systemic Risk Monitoring Toolkit: IMF Sample Dashboard 

7 See IMF (2020b) 
8 See FED (2020) and Appendix 5 Systemic Risk Indicator by Cleveland FED 
9 See OFR (2020) and Appendix 6 Bank Systemic Risk Monitor 
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intelligence tools enable knowledge discovery as well as dynamic visualizations such as 

movement of measured values through time. Flood et al. (2015) indicate that these tools enable 

better synthesis of information from huge, complex and often ambiguous datasets, thereby 

increasing analysts’ productivity and refocusing their efforts on subject-matter research instead 

of data collection, manipulation and visualization. 

Table 5 Four categories of visualization techniques 

 

Source: Flood et al. (2015) 

OFR, therefore, utilizes interactive charts. These charts enable time-period and measurement 

of risk filtering, thus allowing for simultaneous presentation of multiple information sources 

on a given visual. On the example available in the Appendix 6 Bank Systemic Risk Monitor, 

year and indicator selection are enabled as filters via dropdown lists, G-SIB scores are shown 

on the x-axis while the level of Basel G-SUB capital surcharge is indicated by a legend and 

different colours.  

5.1.2. European supervisory and regulatory organizations 

Some of the better-known examples of business intelligence solutions for systemic risk 

management by supervisory institutions in Europe include European Central Bank (ECB) and 

its European Systemic Risk Board (ESRB), which publishes ESRB Risk Dashboard 10 and 

European Banking Authority’s (EBA) Risk Dashboard.11 Both reports are available in .pdf 

formats for external purposes and, therefore, represent noninteractive-static visualizations 

according to Flood et al. (2015). EBA (2020b) provides a risk level approach by introducing 

heatmaps as a selected visual. Appendix 7 Risk Indicators Heatmap illustrates the utilization 

of heatmaps for risk monitoring purposes. In its risk dashboard, EBA uses a three-color traffic 

lights system to indicate low, medium and high risk-level for each specific indicator. 

Additionally, arrows pointing up, right or down can be utilized to signal a positive and negative 

                                                 
10 See ESRB (2020a) 
11 See EBA (2020b) and Appendix 7 Risk Indicators Heatmap 
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trend, or stagnation (EBA, 2020b). Furthermore, the ESRB (2020a) uses eight distinct 

categories of risk in its quarterly published risk dashboard: interlinkages and composite 

measures, macroeconomic risk, credit risk, funding and liquidity, market risk, profitability and 

solvency, structural risk and risk related to central counterparties. ESRB (2020a) highlights the 

importance of composite indicators, by using Composite indicator of systemic stress (CISS) 

developed by Holló et al. (2012). Figure 16 CISS - Composite Indicator of Systemic Risk in 

Financial System illustrates the latest available data on CISS systemic risk indicator in the EU.  

Figure 16 CISS - Composite Indicator of Systemic Risk in Financial System 

 

Source: ESRB (2020a) 

The purpose of CISS is to measure the current state of financial distress and instability with a 

single indicator. CISS condenses the instability measure of banking and non-banking financial 

intermediaries, money markets, equity and debt markets and foreign exchange markets in a 

single statistic (Holló et al., 2012). However, it is important to reiterate that this indicator is 

backward-looking and showcases current state of the financial (in)stability, rather than 

predicting the future events. 

5.1.3. Academic institutions 

Regulatory institutions are not the only ones who demonstrate innovative approaches to 

systemic risk supervision. Academic organizations including research institutes and 

universities contribute significantly to the topic as well. Two of the leading academic 

institutions which base their research on systemic risk include the Volatility and Risk Institute 
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with its Volatility Laboratory (V-Lab) and the Systemic Risk Centre (SRC). The SCR institute 

is co-hosted by London School of Economics (LSE) and University College London (UCL) 

and was co-founded by UK Financial Conduct Authority, European Central Bank, Central 

Bank of Iceland, Central Bank of Luxembourg and Banque de France in 2013 (SRC, 2020).  

The Volatility Laboratory (V-LAB) is based in New York, supported by NYU Stern and lead 

by Nobel Prize for Economics laureate Robert Engle. V-LAB provides a number of interactive 

charts which enable the selection of numerous different measures of systemic risk (V-LAB, 

2020). Figure 17 Global Systemic Risk by Country - SRiSK illustrates one of these charts, 

showing SRISK measurement for countries in billion USD.  

Figure 17 Global Systemic Risk by Country - SRiSK 

 

Source: V-LAB (2020) 

 

The greatest value added by V-LAB’s approach to the systemic risk dashboard solution is its 

ability to interactively change underlying assumptions of tables and visualizions thereof. 

Appendix 8 V-LAB Interactive Parameterized Dashboard on Systemic Risk depicts the 

interactive options and parameterized values of the dashboard. Users can simply increase or 

decrease the variable for expected market decline from the default value, change the capital 

requirements per country, as well as filter specific banks. This level of flexibility and ability to 

change the input values enables analysts not only to quickly understand the dangers of current 
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level of systemic risk in the financial system, but also to conduct further research based on 

different scenarios and ultimately analyse various outcomes and effects of specific 

macroprudential policies.  

5.2. Potential future applications 

While the current systemic risk monitoring processes sometimes include business intelligence 

tools, implementation of advanced analytics is still lacking behind. This chapter henceforth 

discusses the potential utilization of advanced analytics and machine learning in systemic risk 

supervision, focusing on new systemic risk measures and early warning systems on one side, 

and automation of macroprudential analysis on the other. 

5.2.1. New systemic risk measures and early warning systems 

Although current applications of BI tools provide a solid base for a systemic risk management 

and supervision toolkit, there is still a lot of room for improvement. One of the most valuable 

additions to systemic risk supervision toolkit, which could come from the scope of advanced 

analytics, is a set of effective early-warning systems. These systems have a goal of signaling 

potential crisis occurring, but are touted to be severely underdeveloped. ESRB (2020a), for 

example, explicitly states that its Risk Dashboard is comprised of a set of quantitative indicators 

and is not to be regarded as an early-warning system. Research suggests that the majority of 

systemic risk indicators perform poorly in predicting the upcoming financial crisis (Brownlees 

et al., 2020; Danielsson, 2017). However, new technologies and increasing availability of 

datasets enable continuous improvement of existing metrics and introduction of new indicators. 

Lang et al. (2019), for example, show promising results with their new early warning model – 

the domestic cyclical systemic risk indicator (d-SRI).  

Moreover, there are many newly proposed indicators and measures for systemic risk that make 

use of advanced analytics. Kou et al. (2019) provide an extensive overview of the application 

of the machine learning methods in systemic risk supervision. Table 6 Machine Learning 

methods in Systemic Risk Supervision lists the current research on ML in systemic risk 

supervision by research objective. Kou et al. (2019) recognize four research objects in papers 

focusing on application of ML in systemic risk supervision: financial network, market 

sentiment, stability of financial industry and quantitative financial regulation. To address these 

research objects, authors use four main ML methods: network model, big data analysis, text 
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mining and models more closely related to traditional statistical research and econometric 

models (Kou et al., 2019). 

Table 6 Machine Learning methods in Systemic Risk Supervision 

 

Source: Kou et al. (2019) 

  

New systemic risk measures, developed by applying machine learning algorithms and other 

methods of advanced analytics, aim to complement existing systemic risk models and to 
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address their weak points. O'Halloran1 & Nowaczyk (2019), for example, propose an artificial 

intelligence approach to systemic risk management that would bridge the gap between 

microprudential and macroprudential systemic risk supervision. Nucera et al. (2016) use 

principal component analysis (PCA) to combine six different ranking methodologies into a 

single metric, while Kunovac & Špalat (2014) use PCA in the model for nowcasting Croatian 

GDP. All of these approaches, given the availability of data, will serve to improve the systemic 

risk supervision in the future. 

5.2.2. Automation of macroprudential analysis 

New digital technologies enable both better and more efficient supervision in two main ways. 

Firstly, by incorporating data that was previously unavailable and by introducing metrics based 

on the new methodologies and algorithms only recently discovered, additional insight into 

systemic risk supervision may be garnered. Secondly, existing systemic risk supervision 

efficiency can also be improved by automating current monitoring processes. The latter will be 

discussed in this subchapter. FSB (2017) predicts an increased utilization of artificial 

intelligence in Regulatory Technology (RegTech) and Supervisory Technology (SupTech). 

Table 7 Artificial Intelligence and Machine Learning in Supervision and Compliance below 

summarizes some of the possible applications of ML algorithms in RegTech, SupTech and 

macroprudential surveillance. 
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Table 7 Artificial Intelligence and Machine Learning in Supervision and Compliance 

 

Source: FSB (2017) 

Apart from predictive algorithms such as early warning systems, supervisory institutions can 

benefit from the implementation of Natural Language Processing (NLP), Computer Vision and 

other ML algorithms which will result in an increased systemic risk monitoring efficiency 

(FSB, 2017). Machine learning can be used to detect data anomalies and aid practitioners and 

researchers to handle large amount of data with less errors, allowing them to focus on risk 

supervision instead of data preparation and processing. Proudman (2018) adds that advanced 

analytics will play an increasingly important role in systemic risk supervision and in the 

financial system as a whole, especially so in risk assessment and financial crime prevention 

and detection.  

Variety and number of SupTech applications is constantly increasing, although the majority of 

advanced analytics and business intelligence tools implementations are still not in everyday 

use. Broeders & Prenio (2018) provide and showcase three different SupTech implementation 

phases by supervisory area and selected supervisory agencies. Figure 18 SupTech 

implementation phases below depicts these implementation phases. 
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Figure 18 SupTech implementation phases 

 

Source: Broeders & Prenio (2018) 

Broeders & Prenio (2018) differentiate between three implementation phases: experimental 

stage, development stage and operational stage. Some supervisory areas are not covered by 

SupTech even in experimental stage, such as the implementation of machine – readable 

regulations. Whereas policy evaluation is in the experimental stage in some supervisory 

agencies, visualization techniques are already utilized in day-today operations by few 

supervisory institutions. 

5.3. Requirements and limitations of advanced analytics and business 

intelligence 

Academics, researchers and practitioners keep developing better measures of systemic risk as 

well as new supervision tools. There are many drivers of this effort, be it the increased 

availability of data, higher collaboration between regulators or utilization of newly developed 

tools and algorithms made possible by cloud computing. This chapter discusses some of the 
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key prerequisites for advanced analytics and business intelligence implementation, as well as 

the limitations of these tools and models. 

5.3.1. Requirements  

One of the basic requirements for both business intelligence and advanced analytics solution 

implementation is the availability of data, and its appropriate structure. In order to analyse 

systemic risk, Lo Duca et al. (2017) created a completely new database within ECB, with a 

dataset comprised of 50 systemic events and 43 residual events since 1970. To properly conduct 

research, develop new systemic risk measures and to implement new supervision tools, 

appropriate information technology infrastructure is needed. In most cases this includes 

databases, data warehouses, and OLAP cubes, processes and protocols necessary to import new 

data and satisfy data privacy and cybersecurity issues alike.  

The other crucial prerequisite for implementation of BI and AA solutions is the lack of 

personnel with required skillset. Organizations need to have employees of various backgrounds 

who will be able to perform these tasks and interpret the results. These include data scientists, 

machine learning engineers, business intelligence engineers, database management 

professionals, and analytics translators (Henke & Kaka, 2018). This requires a combination of 

subject-matter skills, hard skills and soft skills. Subject-matter expertise pertains to specific 

knowledge on the topic of systemic risk which can be acquired through both formal education 

and professional experience. Hard skills include ability to use modern information and 

communication technology, i.e. programming languages and software required to conduct 

systemic risk supervision. Soft skills are equally important as they imply effective 

communication with both technical and non-technical personnel, and the ability to cooperate 

with external and internal parties to achieve a desired organizational goal.  

5.3.2. Limitations 

Utilization of business intelligence tools and advance analytics is not without its limitations. 

These limitations include issues outside of scope of BI tools and AA such as intrinsic mistakes 

in systemic risk measures, problems related to not ensuring that the IT infrastructure 

requirements for implementation are met, and finally the limitations of the models themselves.  

The requirements for the implementation were discussed in the previous subchapter. It is worth 

reiterating that, if those prerequisites – including data availability and trained personnel – are 
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not met, the BI and AA solutions cannot be implemented. Secondly, there might be some issues 

with the systemic risk measures themselves. Current systemic risk measures are unable to 

confidently predict the coming financial crisis – that is exactly the reason why supervisory 

agencies need versatile approaches using different categories of economic and financial 

indicators to monitor systemic risk. This is especially true for indicators serving as early 

warning systems. As aforementioned, the ESRB (2020a) provides an explicit disclaimer that 

its indicators are not to be interpreted as early warning systems, as they are based on historical 

data and have the purpose to provide a synthesis of market conditions rather than trying to 

predict the next event. Danielsson (2017) even goes as far as to say that ECB’s Composite 

Indicator of Systemic Risk in Financial System (CISS) index is “too low before a crisis and too 

high after a crisis” – indicating that CISS does little to predict the upcoming financial crisis. 

Idier et al. (2013) assessed the other popular systemic risk indicator in supervisory institutions, 

Marginal Expected Shortfall (MES) and have concluded that it did not perform better than 

standard risk metrics like tier one solvency ratio. Brownlees et al. (2020), backtested the 

systemic risk measures during eight financial panics in the era before the FDIC insurance and 

found that CoVaR and SRISK were only somewhat effective at predicting the financial crisis. 

These systemic risk measurement limitations are important to keep in mind when analyzing BI 

and AA implementations by supervisory agencies. While business intelligence tools and 

advance analytics cannot immediately overcome the limitation of specific metric, but they can 

help supervisors better understand these issues and can also aid in addressing them in the future. 
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6. A CASE STUDY ON THE CROATIAN FINANCIAL 

SYSTEM 

This chapter will provide an overview of macroprudential reporting in Croatia with special 

focus on the utilization of business intelligence tools and advance analytics. Firstly, the current 

macroprudential and systemic risk reporting practice by Croatian National Bank (HNB) and 

Croatian Financial Services Supervisory Agency (HANFA) will be reviewed. Secondly, a case 

study on Croatian financial system will be conducted and a business intelligence solution 

provided.  

6.1. Current practices of systemic risk reporting in Croatia 

Croatian financial system is a bank-centric financial system - where banks hold almost 70% of 

total assets in the financial sector (Krišto et al., 2018). The main institution responsible for 

systemic risk is the Croatian National Bank (HNB), which oversees the banking financial 

sector. The other important regulator is Croatian Financial Services Supervisory Agency 

(HANFA), which supervises the non-banking financial sector. Both HNB and HANFA are 

members of the Croatian Financial Stability Council, alongside Ministry of Finance (MF) and 

State Agency for Deposit Insurance and Bank Resolution (DAB).  

Figure 19 Financial Stability and Systemic Risk Supervision in Croatia below illustrates the 

cooperation between HNB, HANFA and other institutions to ensure financial stability in 

Croatia. Both HNB and HANFA publish a dedicated reports on macroprudential diagnostics 

and systemic risk supervision respectively. The remainder of this chapter will provide a brief 

review of these documents, including their scope, measures used and frequency of publication. 
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Figure 19 Financial Stability and Systemic Risk Supervision in Croatia 

 

Source: HNB (2020c) 

6.1.1. Croatian National Bank 

HNB (2020b) publishes Macroprudential Diagnostics three times a year since 2017, focusing 

on “systemic vulnerabilities and risks which could jeopardize the stability of the domestic 

financial system”. HNB’s publication dedicated to systemic risk is concise and clear, but the 

report - condensed to only 20 pages and 4 graphs - does not properly reflect the importance of 

systemic risk and financial stability. It is worthwhile mentioning that HNB also publishes much 

more detailed monthly periodical Bulletin, covering macroeconomic overview of the real, 

monetary, fiscal and external sectors. Macroprudential Diagnostics includes a risk map 
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indicating the level of systemic risk and its trend. The indicators cover structural vulnerabilities 

and short-term changes in system stability for financial and non-financial sector. 

Figure 20 Croatian National Bank's Risk Map - Q1 2020 

 

Source: HNB (2020b) 

In the Figure 20 Croatian National Bank's Risk Map - Q1 2020 above, the level of the risk is 

indicated by color and classified into five categories, ranging from very low to very high. 

Additionally, the arrows indicate the trend of the risk compared to the last update in Q3 2019. 

As can be seen, HNB grades the level of total systemic risk exposure in Q1 2020 as high, which 

is an upward trend from Q3 2019. 

6.1.2. Croatian Financial Services Supervisory Agency 

HANFA (2020) started publishing Macroprudential Risk Scanner - its quarterly report on 

systemic risk - in 2019 with the aim of identifying, assessing and monitoring systemic risk in 

the non-banking financial sector. The report starts with a macroeconomic overview, followed 

by the assessment of systemic risk in financial services – covering all the relevant sectors under 

HANFA’s domain. Detailed focus is given to market concentration, measures of 

interconnectedness, market risks, profitability and capitalization, liquidity risks and operational 

risks (HANFA, 2020). Overall, Macroprudential Risk Scanner provides a very good overview 

of the systemic risk in the Croatian non-banking financial sector, especially with regard to 

market concentration and interconnectedness between financial institutions. Figure 21 Market 

Concentration of Croatian non-Banking Financial System (HHI Index) gives an overview of 

market concentration within different sectors under HANFA’s supervision using Herfindahl–

Hirschman Index (HHI). 
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Figure 21 Market Concentration of Croatian non-Banking Financial System (HHI Index) 

 

Source: HANFA (2020) 

Both HNB’s and HANFA’s approaches to systemic risk supervision serve as a good starting 

point for further analysis. Business intelligence tools and advanced analytics could further 

improve the supervision process by enabling practitioners an access to an interactive and 

automated software solution. The following two subchapters will briefly present an example 

of such a tool. 

6.2. Heatmap approach to systemic risk reporting 

A beneficial addition to HNB’s and HANFA’s systemic risk supervision tools would be an 

expansion of the heatmap approach, which HNB utilizes for systemic risk exposure (Figure 

20). A heatmap can be thought of as an analytical tool for assessing and monitoring risk 

exposure at a certain point in time. Heatmap assigns a risk level – represented by a single colour 

- to each of the data points for all of the given variables. The benefit of heatmap as a 

visualization tool is that it enables monitoring of exposures and vulnerabilities that can have 

systemic impact for a wide range of metrics in a systematic and transparent manner. The 

heatmap approach is a great way of representing different risk-levels for large sets of variables. 

Moreover, its use is seen extensively in systemic risk supervision (Bank of Ireland, 2017; 

Mencía. & Saurina, 2016; EBA, 2020b; Arbatli & Johansen, 2017; Ryan, 2017; HNB, 2020b).  
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The heatmap approach requires a concise risk definition and assessment for a wide array of 

variables. A four – colour scheme is proposed, indicating different risk levels: green – low risk, 

yellow – medium risk, orange – high risk and red – very high risk. Following Mencía. & Saurina 

(2016), a distinction is made between one-tailed and two-tailed indicators. To determine the 

risk threshold for each of the risk categories, three distinct methods are used: cumulative 

distribution function (CDF) for one-tailed indicators, standard deviation and Z-score approach 

for two-tailed indicators, and pre-determined (hard-coded) thresholds for other indicators.  

One-tailed indicators include those variables which always signal lower risk with lower values 

and higher risk with higher values, and vice versa. In other words, these are the metrics which 

are always better when they are lower or always better when they are higher. One example 

could be capitalization – the higher the capitalization of a financial institution, the lower the 

risk. Similarly, other examples can include liquidity and solvency ratios. Following the 

methodology used by Arbatli & Johansen (2017) for one-tailed indicators risk-level 

assessment, cumulative distribution function (CDF) is utilized to determine the risk level. 

Applying the CDF calculation by Holló et al. (2012), for each time series of the indicator 

(𝑥1, 𝑥2, … , 𝑥𝑡  , … , 𝑥𝑁), observations are ranked in ascending order from the lowest to the 

highest (𝑥(1) ≤  𝑥(2) ≤  … ≤ 𝑥(𝑟) … ≤  𝑥(𝑁)) if higher values indicate more risk or in 

descending order from the highest to lowest if higher value indicates lower risk. 𝑁 stands for 

the total number of observations, the subscript 𝑡 denotes time and the superscript 𝑟 refers to the 

ranking number assigned to a particular realisation of 𝑥𝑡. The normalised indicator 𝑍𝑡 is then 

constructed on the basis of the empirical CDF: 

𝑍𝑡 =  𝐹𝑁(𝑥𝑡) =  {

𝑟

𝑁
 𝑓𝑜𝑟 𝑥(𝑟) ≤  𝑥𝑡 <  𝑥(𝑟+1)

1 𝑓𝑜𝑟 𝑥𝑡 ≥  𝑥(𝑁)
   , 𝑟 =  1, 2, … , 𝑁 − 1 

The normalized indicator 𝑍𝑡 then represents the share of the observations that are less or equal 

to 𝑥𝑡, or the number of observations not exceeding 𝑥𝑡 divided by the number of total 

observations (Holló et al., 2012). If a normalised indicator equals 0.2, this in fact means that 

20% of the historical values are less than or equal to 𝑥𝑡. The highest values of the indicator 

therefore take on the normalized value of 1. The normalized indicators can then be mapped to 

the colour scheme, as visible from Figure 22 One-tailed indicator risk level.  
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Figure 22 One-tailed indicator risk level 

 

Source: author’s work based on Mencía & Saurina (2016) and Arbatli & Johansen (2017) 

 

Two-tailed indicators include those variables for which higher deviation from the average value 

indicates higher risk. Examples include various variables for which volatility is used to measure 

risk. The best example are equity prices – high volatility and abnormal change of price in each 

direction would indicate higher risk. Following Ryan (2017), the standard deviation approach 

is used for two-tailed indicators. Standardization with Z-score measures how many standard 

deviations an observation stands from the mean of the variable distribution. For observed value 

𝑥𝑖 with 𝑛 observations, a mean of 𝜇 and a standard deviation of 𝜎, Z-score will be calculated 

as: 

𝑍𝑖 =  
𝑥𝑖 − 𝜇

𝜎
 

The colour scheme is as shown in Figure 23 Two-tailed indicator risk level below. 

Standardized indictor Z has a mean 𝜇 = 0  and standard deviation  𝜎 = 1. Extreme observation 

values on each end of the tail would be categorized with very high risk level, while observation 

values closer to the mean would be classified as less risky. 

Figure 23 Two-tailed indicator risk level 

 

Source: author’s work based on Mencía & Saurina (2016) and Ryan (2017) 
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The final, third set of indicators either follow a separate methodology or just fall into pre-

determined (hard-coded) thresholds. These are usually variables for which a specific target 

value - such as inflation or debt ratio – already exists. 

By following this approach, heatmaps containing hundreds of variables can be generated and 

automatically periodically refreshed using business intelligence tools. Examples of heatmap 

dashboard implementations in macroprudential diagnostics by supervisors can be seen in 

Appendix 9 Heatmap example: Norwegian Central Bank and Appendix 10 Heatmap example: 

Bank of Ireland. 

6.3. Business intelligence implementation 

This chapter will illustrate some of the possible business intelligence solutions by displaying 

examples of interactive dashboard visualizations in systemic risk supervision on the example 

of the Croatian financial system. All of the displays are actual business intelligence examples 

which utilize data from HNB, HANFA, ECB and other publicly available sources. The 

software used to generate these models is Microsoft Power BI.  

6.3.1. Croatian financial system overview by sectors 

Arguably the best way to facilitate the analysis of the Croatian financial sector would be by 

taking a look at its key aspects such as size, composition and overall trends on the domestic 

financial markets. Figure 24 Croatian financial system overview by sectors illustrates the entire 

financial sector of Croatia displaying aggregate total assets of banking sector, pension funds, 

insurance companies, investment fund companies, leasing and factoring companies. 
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Figure 24 Croatian financial system overview by sectors 

 

Source: author’s work using publicly available data from HNB and HANFA 

Apart from total assets, users are able to quickly change view to Herfindahl–Hirschman Index 

(HHI) or any other available metric via filter on the right side. 

6.3.2. Implementation for systemically important financial institutions 

Other useful dashboard solution displays systemically important financial institutions (SIFI). 

Figure 25 Systemically important banks - Croatia and worldwide below illustrates globally 

systematically important banks (G-SIB) and other systemically important institutions side by 

side. Systemic importance scores are presented and graphically indicated, while the coloring 

scheme differentiates between different levels of capital buffer and surcharge. The same 

dashboard can be used to analyze banks by many other metrics, including interconnectedness 

score, intrafinancial assets, intrafinancial liabilities, substitutability score, complexity score etc. 
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Figure 25 Systemically important banks - Croatia and worldwide 

 

Source: author’s work based on HNB and OFR data 

 

6.3.3. Macroeconomic overview and systemic risk measures 

Finally, Figure 26 Macroeconomic Overview & CISS displays how selected macroeconomic 

indicators can be presented following the example of EBA (2020b). Dashboard includes both 

current value of selected macroeconomic indicators as well as the trend, i.e. direction of change 

compared to the last data point. Furthermore, EU Composite indicator of systemic risk is 

included in the dashboard, displaying the functionality of simultaneous filtering of data from 

different sources.  
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Figure 26 Macroeconomic Overview & CISS 

 

Source: author’s work based on HNB and ECB data 
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7. CONCLUSION 

Systemic risk supervision became an increasingly important topic since the global financial 

crisis in 2008. Regulatory response was unprecedented on the global scale. Thousands of pages 

of new regulations and macroprudential policies were published. Specialized councils, 

international organizations and research institutes were formed to tackle the potentially 

devastating consequences of another systemic risk event. While policymakers, researchers and 

systemic risk supervision practitioners now enjoy more resources than ever, the progress in risk 

identifying, risk assessment and monitoring is still slow without the implementation of new 

information technologies. Due to the high interconnectedness and complexity of financial 

system, it crucial to take advantage of technological advances in supervisory and regulatory 

processes. Supervisory technology (SupTech) and regulatory technology (RegTech) are 

becoming one of the fastest growing industries when it comes to implementation of digital 

technologies. At the core of this transformation lie business intelligence (BI) tools and 

advances analytics.  

Business intelligence tools and advanced analytics will enable the introduction of new systemic 

risk measures, allow for increased efficiency in systemic risk analysis, reduce errors in data 

collection and processing, and automate some of the tasks in supervision. Among the 

prerequisites for business intelligence and advance analytics solutions are data availability and 

information technology infrastructure – including structured databases, data warehouse (DWH) 

and online analytical processing (OLAP) cubes. On top of the technical requirements, perhaps 

even more important is the need for trained personnel. Data scientists, machine learning 

engineers, business intelligence engineers and analytics translators are just some of the jobs of 

the new century required to carry out proper business intelligence and advance analytics 

implementations. Acquiring both formal education and relevant professional experience in this 

field is no easy task, but an interdisciplinary approach is necessary for successful utilization of 

business intelligence tools and advanced analytics in systemic risk supervision.
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