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EU’s financial regulation currently mandates organizations issuing complex investment 

products to create and present a product-specific Key Information Document to retail 

investors. The section containing product payoff projections in these documents often shows 

confusing figures because of the backwards-looking nature of its simulation methodology. 

The objective of this thesis is to introduce an alternative forward-looking methodology, 

perform simulations on a set of structured investment products according to both 

methodologies, and evaluate the simulation results against one another as well as backtest 

them against realized product payoffs to get an improved understanding of methodology 

impact and whether the confusion is warranted or not.     

 

The evaluation is performed on a set of case company products, composing the empirical 

part of the thesis. The theoretical part reviews scientific literature on the relevant product 

structures and the two simulation methodologies. The key result of the study is that the 

alternative approach ended up completely eliminating the most common issue the current 

methodology has on the test products, which is that the products are projected to turn 

significant losses to the investor even in moderate scenarios. The differences in results are 

either amplified or mitigated by certain product components and features such as barrier 

options or capital protection. The alternative methodology also showed slight improvements 

over the current methodology when evaluated against realized product payoffs. 
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EU:n rahoitusmarkkinasääntely velvoittaa monimutkaisia sijoitustuotteita myyviä 

organisaatioita luomaan ja näyttämään tuotekohtaisen avaintietoasiakirjan 

yksityissijoittajille. Asiakirjan tuotto-odotuksia sisältävä osuus näyttää usein hämmentäviä 

lukuja johtuen käytössä olevan simulaatiometodologian taaksepäin katsovasta logiikasta. 

Tämän työn tavoitteena on esittää vaihtoehtoinen eteenpäin katsova metodologia, suorittaa 

metodologioiden mukaiset simulaatiot joukolle strukturoituja sijoitustuotteita, ja verrata 

tuloksia sekä toisiinsa että realisoituihin tuottoihin, jotta ymmärrys metodologioiden 

vaikutuksista paranisi ja voitaisiin todeta, onko hämmennys ollut perusteltua.     

 

Arviointi on toteutettu käyttäen joukkoa case-yrityksen tuotteita, koostaen työn empiirisen 

osuuden. Teoreettinen osuus käy läpi tieteellistä kirjallisuutta olennaisiin tuoterakenteisiin 

ja simulaatiometodologioihin liittyen. Keskeisin tulos on, että vaihtoehtoinen laskentatapa 

päätyi poistamaan kokonaan nykyisen metodologian yleisimmän ongelman case-tuotteiden 

tapauksessa, missä tuotteiden oletetaan tekevän merkittäviä tappioita jopa keskiverrossa 

skenaariossa. Laskentametodologioiden ero vahvistuu tai heikkenee riippuen tietyistä 

tuotekomponenteista ja ominaisuuksista kuten barrier-optioista tai pääomaturvasta. 

Vaihtoehtoisella metodologialla ilmeni myös lieviä parannuksia nykyiseen nähden 

verratessa niitä realisoituja tuottoja vastaan.   
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ABBREVIATIONS AND SYMBOLS 

 

Roman symbols 

A symmetric matrix 

B barrier  [%] 

C cap; coupon  [%] 

G gearing or participation [%] 

K strike price  [ccy, %] 

M mean 

m missed coupons 

N number of time periods 

P payoff  [ccy, %] 

P triangular matrix 

r rate of interest [%] 

S spot price  [ccy, %] 

t time  

w sub-interval length  

X final value of underlying [ccy, %] 

X time series 1 

Y time series 2 

  

Greek symbols 

β beta (systematic asset risk) [> 0] 

Δ difference operator 



ε random generated value 

µ drift or expected return 

ρ correlation  [-1;1] 

σ volatility  [W/(mK)] 

 

Constants 

e Euler’s number 2.71828  

 

Subscripts 

A autocall 

avg average 

C coupon 

d downside 

i time series index 

j time series index 

k time series index 

m maturity  

R risk 

u upside 

w sub-interval length 

 

Superscripts 

adj adjusted 

C call 



T transpose 

* resample 

 

Abbreviations 

ATM At-the-money 

bp Basis points (%/100)  

CAPM Capital Asset Pricing Model 

ccy Currency 

CRM Credit Risk Measure 

ESA European Supervisory Authority 

ETF Exchange Traded Fund 

EU European Union 

EUR euros 

FV Face Value 

FX Foreign Exchange 

GBM Geometric Brownian Motion 

IBOR Interbank Offered Rate 

ITM In-the-money 

KID Key Information Document 

MAPE Mean Absolute Percentage Error 

MRM Market Risk Measure 

NOK Norwegian Krone 

NPV Net Present Value 

OIS Overnight Index Swap 



OTC Over-the-Counter 

OTM Out-of-the-money 

PRIIP Packaged Retail and Insurance-based Investment Product 

PV Present Value 

RHP Recommended Holding Period 

RTS Regulatory Technical Standards 

SEK Swedish Krona 

SRI Summary Risk Indicator 

USD US dollars  

VaR Value-at-Risk 

VEV VaR-Equivalent Volatility
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1  Introduction 

In the early 1990s, numerous investment banks aimed to create new innovative financial 

instruments with various risk and return profiles in order to attract more investors to equity 

markets. Along this new wave of innovation, structured products were born (Bouzoubaa & 

Osseiran, 2010). Structured products are pre-packaged investments typically in form of an 

interest component combined with one or more financial derivatives (Blumke, 2009). Since 

their inception, structured products have gained traction among both institutional and retail 

investors especially as they provide an easy access to derivatives, increased diversification, 

and a high degree of customization in terms of both exposure and pay-outs, leading to 

investment opportunities that are potentially more in line with investors’ risk appetites.  

 

However, in addition to aforementioned features, structured products typically carry a higher 

degree of complexity compared to more traditional instruments. The large group of retail 

investors possesses varying levels of knowledge and willingness to learn about the upside 

potential of various investment products as well as all the risks involved with them, and in 

what instances and in what significance these risks might materialize. Because of this, many 

investors can be prone to making ill-advised investment decisions, and in the case of 

structured products, their increased complexity can have an even further impact on this front.  

 

1.1  Background 

One of financial regulators’ objectives is to mitigate the risk of investors placing their money 

in products they do not understand as well as to prevent sell-side organizations to finalize 

the sale in situations where this seems to be the case. One form of regulation introduced in 

recent years is the European Union’s (EU) adoption of regulating the way how packaged 

retail and insurance-based investment products (PRIIPs) must be presented to potential 

investors before a final investment decision is made. This includes making it mandatory for 

a product issuing organization to create a Key Information Document (KID): a document 

with a maximum length of three pages that contains the most important information about 
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the product in a standardized format. This product information includes e.g. product features, 

risk categorization, product performance forecasts, and a breakdown of costs. KIDs must 

then be presented to investors to support their investment decisions. Since structured 

products have been categorized as PRIIPs, they have fallen under the scope of this 

regulation. 

 

The main objectives of the regulation are to disclose key information in a quickly readable 

format instead of only in long legal documents, ensure that institutions that issue and 

distribute PRIIPs act in investors’ best interests, and make it easier for investors to compare 

different products. The aim is that this would ultimately lead to increased transparency and 

investor confidence. Regulation No. 1286 of the European Parliament was first introduced 

in 2014 and after several amendments and having presented a few versions of regulatory 

technical standards (RTS), the regulation was put into full effect on all EU member states on 

the 1st of January 2018. 

 

While the intentions of the regulation are good, many feel that its implementation leaves a 

lot to be desired (Colaert, 2016). The product performance projections especially have 

received criticism from investors as well as product issuers and distributors. Many believe 

that the return figures presented in the product performance section of the KID are inaccurate 

and misleading (Graf, 2019), which goes against the regulation’s original intention of 

increasing the confidence of investors. Some say that one should not base their investment 

decisions on these figures at all and should mostly ignore them instead. These issues 

regarding projected performance figures are assumed to be stemming from the RTS-

mandated performance calculation methodology and its backwards-looking nature: both 

realized volatilities and returns of the product’s underlying equities are implied to continue 

as they were.       

 

The motivation for this thesis is to provide information to the author’s employer, Nordea 

Bank Abp (or Nordea), of the impact an alternative calculation methodology would have on 

performance projections of its structured products. In previous years, some of the return 

figures shown in KIDs have raised questions from multiple stakeholders: clients, sales 



13 

 

personnel from internal and external distribution channels as well as various people from all 

over the financial markets department. As recent market developments (mainly higher 

interest rates and poor fund performance) have made structured products more attractive 

than they have been in many years, the amount of confusion is not expected to come down 

any time soon. Because of this, Nordea’s Structured Investments team is curious to find out 

whether a relatively simple alternative would have an impact on the performance figures, 

and if so, how significant the impact would be. The alternative calculation methodology 

explored in this study is based on a Monte Carlo simulation that utilizes Geometric Brownian 

Motion (GBM), which is one of the most commonly used models in the field of finance and 

stock price prediction specifically. 

 

1.2  Objectives and Scope 

The key objectives of this study are to introduce an alternative calculation methodology for 

product performance simulations and find out how the change in methodology impacts the 

performance forecasts of structured investment products. As the “PRIIPs for KIDs” 

regulation concerns various complex investment products and the proposed alternative 

model has been broadly applied in the field of finance before, the results of this study could 

be of interest outside the structured product space as well. An important thing to note, 

however, is that the comparison of the two methodologies is done only with structured 

products in mind, and thus the impact on other product types should be explored further in a 

separate study.  

 

In the context of applying the new knowledge from this study to the structured product 

business, the main objective is to find out whether the change in methodology creates 

significant enough of an impact to the presented figures in a KID that would be worthy of 

exploring further. If the change makes no difference in the big picture or the impact is not 

consistently more accurate, the current methodology can be considered good enough overall 

despite its occasional shortcomings. In case the alternative methodology does end up 

providing results that are consistently more accurate, it would present an opportunity to 

increase value creation to investors. In addition, if the alternative methodology proved to be 
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more accurate and suggested that structured products have higher profitability or lower risk 

than what is currently being presented, it could also have a positive marketing impact worthy 

of studying further. In this scenario, many stakeholders such as regulators, other major 

product issuers and data vendors would also have to be convinced of the benefits of making 

a change in calculation methodology, which would most likely entail long and complicated 

development projects as well as impact assessments on a large group of product issuers. 

Nevertheless, acquiring more concrete knowledge about methodology impacts is a great first 

step to take and naturally it is in the employer’s interests to first find out more about the 

impact on its own products specifically.  

 

Based on this information, two research questions for the study have been identified. The 

study provides answers to the following research questions:   

1. What impact does the change in calculation methodology have on performance 

figures and risk assessments of structured products issued by the case company? 

2. How do implied product payoffs of the two methodologies compare to realized 

product payoffs? 

 

Finding answers to these questions requires some limitations in terms of scope. As 

mentioned earlier, even though the relevant regulation concerns a multitude of complex 

investment products, the comparison of the two calculation methodologies is done only in 

the context of structured notes, leaving out product families such as warrants and certificates, 

investment funds, and insurance policies used for investing and saving. In addition, the 

methodology impact assessment is not performed on various products across the structured 

product market, but rather only on structured products issued by Nordea. Because of this, 

the study results are of interest mostly to those who issue similar types of structured products 

to Nordea whereas issuers with different product portfolios can still find usage from the 

results on a conceptual level, but would have to do further testing to see the magnitude of 

effects on their own products specifically. In terms of the relevant regulations’ contents, the 

focus of this study is only on product performance simulations and risk categorizations. 

Other aspects such as costs and presentation of product features are left out as no need to 

explore alternative solutions for them has come up. 
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Another necessary limitation of scope for this study is with regard to the various asset classes 

used for structured products. The most common underlying asset classes in use are equity 

and credit derivatives (single companies, baskets of companies and indices in both equity 

and credit) as well as interest rates, but products can be linked to many other things such as 

currencies, commodities or inflation. This study focuses purely on equity-linked structured 

products as it is one of the more common asset classes and the projected performance figures 

of which are heavily dependent on the chosen calculation methodology. Even though credit-

linked notes make up a large share of the structured product market, they use a different 

methodology to equities where simulated payoffs are based on the underlying companies’ 

credit ratings and probabilities of defaults within the product’s lifetime. This methodology 

has a lot in common with widely used credit risk models and has not been questioned to the 

extent that the model for equity-linked notes has, and because of this has been left out of the 

scope of this study. The third and final commonly used underlying asset class, interest rates, 

is supposed to use the same methodology as equities with some modifications (namely 

principal component analysis to simulate multiple tenors of interest rates simultaneously) 

and suffers from the same shortcomings as equity-linked notes. However, interest rates have 

also been left out since GBM is far from optimal for modelling interest rates due to its 

stochastic nature, meaning that another calculation methodology specifically for interest 

rates could be explored outside of this study.     

 

1.3  Research Design 

The core outcome and work relating to this study revolves around simulating payoffs of 

structured investment products that are based on market data on the underlying equity assets 

used in the products as well as product data which contains the necessary information on 

how to translate the simulated equity underlying performance to simulated product 

performance. These simulations have been done by programming in Python and by utilizing 

Pandas and NumPy which are Python libraries specifically designed for data analysis 

purposes. The rest of the study is built around this core task through literature reviews on 

the concepts and methods that are utilized in the two calculation methodologies under 

comparison. The literature used in the literature review contains books and articles mostly 
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in the fields of finance, mathematics, and computer science, and are gathered from scientific 

literature databases.  

 

As Nordea utilizes data vendor services to get necessary values to their KIDs and there were 

no means of acquiring more detailed simulation results on the products in-house, the first 

task in performing the study was to familiarize myself with the current calculation 

methodology and translate it into Python code. This code could then be used to simulate 

product payoffs and risk categorizations according to the current calculation methodology 

mandated by EU regulations. The code was then benchmarked against values generated by 

the data vendor on a few test products to ensure the validity of the results generated by the 

Python code.  

 

The next step was to create the alternative calculation model. Because of it having proven to 

have a nice balance between simplicity and accuracy in stock price prediction in the past, a 

Monte Carlo simulation model that utilizes Geometric Brownian Motion was selected. 

Although it is far from perfect and more accurate models have been created, they tend to be 

more complex and require more data and computing power to perform the simulations. 

Because of this and especially because of the use case not requiring the most accurate model 

as possible and instead prioritizing simplicity, this model was chosen. Similar to the original 

calculation methodology, the alternative model was also coded in Python and apart from the 

different logic in simulating the performance of the underlying it is exactly the same to the 

original methodology and code.   

 

After having created the Python code to simulate product performance in accordance with 

the two methodologies, a literature review on structured products and the core concepts of 

the two methodologies was performed and the dataset to test the methodologies was chosen. 

In order to perform backtesting on the two methodologies to see which one creates more 

realistic results, the dataset had to be comprised of products that had already matured because 

otherwise there would be no final product payoff to compare the simulations to. However, 

for the sake of interest in the effects of major market developments of the 2020s caused by 

the Covid-19 pandemic and Russian invasion of Ukraine, fifteen products issued between 
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2021 and 2023 were chosen as well to display the differences in projected product returns 

but were excluded from the backtesting due to these products still being live. The final 

dataset contains 60 products issued between 2016 and 2023 to Finnish, Swedish, Norwegian, 

and Danish markets. 

 

The simulations require a few market data inputs. The current methodology requires strike 

prices of the underlying assets, historical spot price samples of the assets as well as estimates 

on the risk-free rate. In addition to strike prices and risk-free rate estimates, the alternative 

methodology requires measures of expected returns and volatilities. As all this data had to 

be selected from different time periods depending on the issue dates for each product, this 

resulted in quite a large dataset for the study. However, all the necessary market data was 

accessible and gathered from the Bloomberg Terminal. Finally, each product chosen for 

testing was simulated with appropriate historical market data and the simulation outputs 

were gathered for final results analysis.  

 

The research performed in this thesis is quantitative as it collects vast amounts of numerical 

data, performs various calculations according to the two methodologies and analyses the 

results. The study can also be considered experimental and case-based in nature as the two 

methodologies are tested on Nordea’s own products only and their effects are compared to 

one another with no further statistical analysis regarding model accuracy, for instance, as 

drawing meaningful conclusions on it would require sets of products that are larger and more 

uniform. The main idea of the thesis is to get answers to whether an alternative simulation 

methodology would really make a difference that is clearly visible at first glance on 

commonly issued case company products.   

  

1.4  Thesis Structure 

This thesis is divided into four major parts. The first one, introduced in Chapter 2, consists 

of a literature review of the structured product family, equity-linked notes, and the product 

structures that the two calculation methodologies are tested on. Chapter 3 contains a 
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summary report on the relevant regulation, i.e. the pieces of regulation that mandate the 

formatting of the KID and the calculation methodology for PRIIPs, as well as subsequent 

amendments introduced after the regulation was put into effect. The summary goes through 

information from the regulation that is relevant to the topic of this study and focuses mostly 

on the necessary steps to perform the calculations according to the current methodology as 

well as how to present the simulation results in a KID.  

 

Chapter 4 introduces the alternative methodology based on Geometric Brownian Motion and 

Monte Carlo simulations. This is performed through another literature review section after 

which the dataset used in the study is explained in further detail and the alternative 

methodology and its differences to the original methodology are summarized. The final 

major section of the study contains the results. In this section, the two calculation 

methodologies are compared in terms of their suggested product payoffs and risk 

categorizations, which are then visualized with payoff diagrams and risk category migration 

diagrams. In addition, the pros and cons of the two methodologies and their potential effects 

to the results are discussed.  After these major sections, the final chapter summarizes the 

findings of this study and discusses its limitations and what kind of basis it creates for future 

studies relating to the topic. Figure 1 seen below depicts the following chapters’ roles in the 

thesis through input and output descriptions.  
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Figure 1. Input/output chart of the thesis 
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2  Structured Products 

This chapter introduces the main principles and features of structured products as well as 

more detailed descriptions of the equity-linked structures that the two calculation 

methodologies are tested on in this study. For each structure, the relevant components to 

build a potential investment product with that particular structure are explained, relevant use 

cases and market views for the structure are discussed, and the way the performance of the 

underlying translates into the performance of the structured product is formulated. This last 

item can also be described as a payoff function and will be useful when simulating product 

performance and comparing the two methodologies since in the case of equity-linked notes, 

the values that are actually simulated are the performances of underlying equities of each 

product, which will then be translated into product performance through the relevant payoff 

functions.   

 

2.1  Main Principles and Features 

Because of the great variety of different types of products, multiple definitions for structured 

products can be found. The United States Securities and Exchange Commission (SEC) has 

given a high-level definition under the Rule 434 (1995) where structured products are 

defined to mean ”securities whose cash flow characteristics depend upon one or more indices 

or that have imbedded forwards or options or securities where an investor’s investment 

return and the issuer’s payment obligations are contingent on, or highly sensitive to, changes 

in the value of underlying assets, indices, interest rates or cash flows”. Other definitions 

follow along the same lines when it comes to having the return of a structured product being 

linked to the performance of underlying assets and a pre-defined payoff profile. Differences 

arise in terms of which legal forms of a product fall under the structured product family and 

which do not.  
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According to Chan et al. (2019), structured products are composed of three building blocks 

that are described further in Table 1 below: 

1) Asset: any investable asset with high liquidity and low transaction costs 

2) Payoff: determinant of the return and risk of the product based on the performance 

of the underlying assets 

3) Wrapper or Instrument: the legal form of the product 

 

Table 1. Building blocks of structured products (Chan et al., 2019) 

Asset Class - Equities 

- Interest Rate 

- Foreign Exchange (FX) 

- Commodities 

- Credit 

- Fund 

- Customized Index/Strategy 

- … 

Payoff Access Product 

- Direct Exposure 

- Leveraged Exposure 

Option-Based Structure 

- Capital Protected 

- Non-Capital Protected 

Dynamic Portfolio 

- Portfolio 

Insurance 

- Dynamic Asset 

Allocation 

Wrapper - Structured Note 

- Certificate 

- Structured Deposit 

- Structured Fund 

- Insurance Policy 

- Over-the-Counter (OTC) Option 

- Warrant 

- Swap 

- Islamic Shariah Compliant Product 

- … 

 

The varying definitions for structured products focus on different sets of wrappers or forms 

of instrument seen in Table 1. Where Chan et al. (2019) and Bouzoubaa & Osseiran (2010) 

consider all of them to be different forms of structured products, Bateson (2011) and Baune 

et al. (2022) consider either the only or by far the most important form of structured products 

to be structured notes, which include the main characteristics of a structured product of 

having one or more underlying assets from varying classes and a pre-determined payoff 

structure, in the form of a bond that either pays out coupons during its lifetime or that has 

only one payoff at maturity. For the purposes of this study, only structured notes are 

considered, as despite Nordea selling most of the displayed product forms, only structured 
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notes are marketed as structured products with other forms being considered parts of separate 

product families. 

 

Table 2 displays various forms of assets that can be used as structured product underlyings. 

As the criticized area of the regulation-mandated product performance calculations is 

concerning equity simulations and the tested alternative in this study is most suitable in 

equity performance modelling, only the structures that have been used with equities as 

underlying assets are explained in further detail later in this chapter. 

 

Table 2. Underlying asset classes for structured products (Chan et al., 2019) 

Equity 

- Single Stock 

- Basket of Stocks 

- Equity Index 

Interest Rates 

- IBOR Rate 

- IBOR Swap Rate 

- OIS Rate 

- Futures 

Foreign Exchange 

- FX Spot Rate 

- Basket of Currencies 

Commodities 

- Futures 

- Index 

- Spot Price 

Credit 

- Corporate Bond 

- Corporate Bonds 

Index 

- Credit Index 

Fund 

- Mutual Fund 

- ETF 

- Hedge Fund 

- Managed Account 

Customized Index/Strategy 

- Smart Beta 

- Alternative Beta 

- Factors 

- Multi-Asset Strategy 

   

Structured products can be considered alternative investments to more traditional direct 

investments in assets and they allow investors to meet their specific investment needs that 

traditional financial instruments are typically unable to address (Cao, 2017). These 

investment needs can be classified into the following categories (Chan et al., 2019): 

- Participation: exposure to the underlying implemented with tracking/market access 

structures 

- Income: enhanced yield with fixed or variable coupons or capped underlying 

performance 

- Protection: investment with no or limited loss of capital 

- Leverage: leveraged exposure to the performance of the underlying 
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Structured products’ ability to answer to these investment needs makes them attractive 

investment solutions for both risk management and speculative purposes. They allow more 

sophisticated investors to optimize their portfolios with regard to risk aversion, market 

expectations and hedging concerns (Wallmeier, 2011). Where direct investments in assets 

provide linear and symmetric exposure to the performance of the assets, structured products 

have the potential, through non-linear payoffs and customized risk profiles, to better match 

investors’ views on the market that may be more complex than the directional perspective 

that traditional investments provide, ultimately enabling the creation of products that match 

the varying levels of risk appetite and tolerance of different investors (Chan et al., 2019). 

Indeed, investors who have specific views on performance cycles, asset volatilities or 

correlations, or simply in which direction a market or specific asset will go and to what 

extent, can be supplied with a variety of choices for their various outlooks (Bouzoubaa & 

Osseiran, 2010).     

 

Along with their benefits, structured products carry some risks. The following are the main 

risks associated with structured products (Chan et al., 2019): 

- Credit risk: as with any other debt instrument, return of invested capital and potential 

profits are contingent on the product issuer’s ability to pay. 

- Liquidity risk: the risk of not being able to redeem the product early at a reasonable 

price; Even though in most cases issuers will routinely quote bid prices for which 

they will buy back the product throughout the product’s lifetime (which means that 

making a profit is not contingent on keeping the product until maturity), in extreme 

circumstances they are not obligated to do so, leaving the investor with potentially 

no counterparty to buy back the product as there is no active secondary market for 

the products. 

- Market risk: market factors such as the price and volatility of the underlying 

determine the value of the product.     

 

Having these benefits and risks in mind, opinions on structured products vary significantly. 

Structured products are quite popular as estimated sales volumes in the retail market alone 

were €121 billion in Europe and $94 billion in the United States in 2022 (SRP, 2023). 
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According to both Vandenbroucke (2015) and Das & Statman (2013), even though typical 

structured products tend to be suboptimal as standalone investments, optimized portfolios 

typically contain structured products and their weight in these portfolios is dependent on the 

value function of the particular investor. This further supports the earlier claim that 

structured products have potential to satisfy specific investor goals and mental accounts, and 

can thus have key roles in behavioral portfolios alongside more traditional securities.  

 

However, structured products have been and continue to be under heavy criticism as well. 

They caused tremendous losses to retail investors during the 2008 financial crisis (Li et al., 

2022),  and the damage in reputation arguably has effects still to this day. Even some 

professionals can have a tendency to get structured products’ complexity mixed up with 

additional levels of risk or danger. It is important to remember that the root cause for the 

crisis was unethical selling practices, but one can also argue that complicated products make 

it easier for these practices to take place. This relates to another key criticism of structured 

products, which are the fees. The complex nature of structured products provides a solid 

foundation for adding outrageous and complicated fees that investors might not fully 

understand (Graf & Kling, 2020). High fees will naturally compromise product returns in a 

significant manner as well. Typically, there is a structuring fee that is charged upfront and is 

in a similar range to running fees of funds, but some issuers might charge a running fee in a 

structured product as well or an exit fee in case the product is not held to maturity. 

Theoretically, an investor could simply make the relevant investments that form a particular 

structured product themselves and avoid the fees, but in most cases, these derivatives are not 

available to retail investors (Chan et al., 2019), which means that their only access to a 

specific strategy might be through structured products issued by large corporations charging 

various levels of fees. A high level of cost transparency would result in investors turning 

away from products whose profits do not justify the fees, ultimately forcing a vast majority 

of products to settle into a “fair” level of fees. 

 

In addition, there is criticism against the overall level of transparency to how structured 

products work, which Bateson (2011) finds highly questionable, alluding to the fact that 

popular investments such as mutual funds do not face the same criticism even though they 
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are practically a “black box” to investors whereas structured products have clearly defined 

product payoffs. The issue, once again, lies in the complexity. One more criticism, specific 

for equity-linked notes, is that investors miss out on dividends from the equity assets. This 

is also rooted in slight misunderstanding as implied dividends are incorporated into 

structured product pricing (Bateson, 2011), meaning that they play a part in enabling the 

specific product payoff and the investor does not fully miss out on equity dividends, although 

they do not materialize as periodic income as is the case with direct equity asset investments. 

This is a matter that must be communicated properly to investors. 

 

From all the criticism, one can draw a conclusion that rather than being embedded in the 

products themselves, the main issues are related to potentially questionable business 

practices that can come as a by-product of structured products. This means that the issues 

can be dealt with without having to make significant changes to the products themselves. 

This is where successfully implemented and targeted regulation can mitigate the issues 

through increased caution in sales processes, i.e. not all products can be sold to anyone in 

any quantity, and enhanced communication of relevant aspects of the products such as their 

payoff patterns and costs.   

      

2.2  Equity-Linked Notes 

Equity-linked notes are a subcategory of structured products, where the product value is tied 

to the performance of an equity asset such as an index, an individual stock, or a basket of 

stocks or indices (Chan et al., 2019). This linkage to equity asset performance is typically 

achieved by making trades in one or multiple options contracts depending on the desired 

product structure. Along with these options contracts, which are considered the risky asset 

of an equity-linked note, a non-risky bond component is added to offer capital protection or 

enhanced payoffs. (Bouzoubaa & Osseiran, 2010) In a structuring process, these components 

in addition to a sales margin are packaged together to create a single investment product in 

the form of a bond (Chan et al, 2019).  
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Bonds are fixed income instruments where the bond issuer is in debt to the bond holder and 

is obliged to provide cash flow to the holder according to pre-defined terms (Chofaras, 

2005). In other words, a bond represents a loan where investors act as lenders and the issuing 

entity, which is typically a large corporation or government, as the borrower. Bonds come 

in various types and have various use cases: for example, they often have a defined term or 

maturity after which the bond expires but can also be of perpetual form in which case there 

is no maturity, they can make periodic coupon payments with fixed interest or floating 

interest based on a reference rate, or they can be in the form of zero-coupon bonds with only 

one payment at maturity. Bonds are often used by the public sector or large corporations to 

finance various projects and operations (Chan et al., 2019). 

 

In the context of equity-linked notes, bonds are mainly used as a building block to provide 

capital protection. This is done by investing in a zero-coupon bond the value of which will 

have appreciated to the desired capital protection level of a product by the time it matures 

(Bouzoubaa & Osseiran, 2010). This process is explained in further detail in the following 

subchapter. As equity-linked notes are structured in a bond format, the aforementioned bond 

characteristics are also key characteristics of equity-linked notes themselves. Depending on 

the product structure, equity-linked notes can have terms of varying length and they can pay 

out coupons or make a single payment at maturity. 

 

The main building block that factors in differentiating one equity-linked note from another, 

is the option or set of options that derive their value from equity assets. An option is a 

financial contract between two counterparties, a holder (buyer) and a writer (seller), that 

gives the holder a right, but not an obligation, to buy or sell a predetermined asset in the 

future at a certain price (Pilbeam, 2018). As performing this action is given to the holder as 

a right, but not an obligation, they will only exercise this right if it ends up being beneficial 

to them, whereas the writer has an obligation to fulfil the transaction if the holder exercises 

it. This creates an imbalance between the two parties in favor of the holder who thus must 

pay what is called an options premium, i.e. the price of the option, to the writer. Options also 

come in various forms and can be broadly categorized as follows. The term “vanilla” is used 

to describe options that do not have a complicated structure and consequently are more 
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commonly used in equity-linked notes that are less complicated structurally whereas the term 

“exotic” is used to describe options that are more complex in nature. European options give 

the holder a right to exercise the option only at the maturity date whereas American options 

allow exercising at any time before expiration, and options with a physical delivery feature 

result in actual purchases of assets in case of options being exercised whereas options with 

cash settlement would result in the writer paying the equivalence of underlying asset price 

development in cash to the holder with no transactions being made involving the actual 

assets. (Bouzoubaa & Osseiran, 2010) 

 

If the options contract gives the holder the right to purchase the underlying asset at a 

predetermined price, the contract is known as a call option. Conversely, if the holder receives 

the right to sell the asset at a predetermined price, the contract is known as a put option. As 

each options trade is done with two opposing counterparties, there are four positions that can 

be taken on an options contract (Pilbeam, 2018): 

1. Buying a call option – known as being long call 

2. Selling a call option – known as being short call 

3. Buying a put option – known as being long put 

4. Selling a put option – known as being short put 

 

The agreed upon price at which the underlying security can be bought or sold is known as 

the strike price (Pilbeam, 2018). In the case of a call option, the buyer would exercise the 

option if the price of the underlying asset were higher than the strike price since it would 

allow them to purchase the asset for a cheaper price than is available on the current market. 

With put options, the buyer hopes that the underlying asset’s price falls below the strike 

price, enabling them to sell the assets at above the current market price.  

 

In these situations, an option is said to be “in-the-money” (ITM) (Pilbeam, 2018). Only ITM 

options end up being exercised, whether it is at the maturity date in case of European options 

or at an earlier point in time in case of American options due to the holder wanting to lock 

in their profits instead of waiting for longer to see if the asset price were to develop into 



28 

 

being even further in-the-money. In other instances, the option will either expire worthless 

or if there is still time left before maturity, the holder would either wait to see if the option 

were to end up in-the-money later or exit the options contract early by selling it to some 

other party. An option is said to be out-of-the-money (OTM) in an opposite situation to ITM, 

i.e. when the current asset price is below the strike price with call options and above the 

strike price with put options, and at-the-money (ATM) if the strike price is the same as the 

current price of the underlying asset when the option is written (Bouzoubaa & Osseiran, 

2010).  

 

Figure 2 displays profit patterns of European vanilla call and put options. As one can see 

from the figures, the holder of an option (long) will always have a floor on their potential 

losses as they are under no obligation to exercise the option if it is not in-the-money, 

ultimately leading to them only having paid the option premium which is what this maximum 

loss is equal to. Conversely, the option premium represents the maximum profit for the writer 

who is going short the option. Moreover, in the case of call options, the long position has an 

unlimited upside while the short position has an unlimited downside. With put options, 

however, the upside for the long position and downside for the short position are limited as 

the underlying equity asset price cannot go below zero, but similar to call options, the long 

position is the one with substantial upside potential and a limited downside potential while 

the short position has their upside capped and are facing substantial downside risk. An 

important thing to note is that the breakeven point where neither party makes a profit or loss 

is not at the strike price level but a little further away to the advantage of the short position 

since the underlying asset price will have to develop far enough in-the-money to compensate 

for the option premium.        
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Figure 2. Profit patterns from trading in European call and put options (Bouzoubaa & 

Osseiran, 2010) 

 

OTM options have smaller premiums, i.e. they are cheaper than ATM options and ITM 

options especially, as their probability of developing into the money and profitable are lower. 

In other words, they have no intrinsic value which is the gain that would be realized if an 

option was exercised immediately. Instead, they as well as ATM and ITM options still have 

time value or extrinsic value which is equal to the option premium less the intrinsic value 

and is a reflection on the fact that there is still a possibility that the OTM option will move 

into the money before expiration or even further increase the option value if it is already in-

the-money (Pilbeam, 2018). Because of these effects in option prices, being long an option 

and choosing between different contracts is a balancing act between desired profit patterns, 

likelihood of profitability, and availability of funds on option premiums. In addition to the 

so called moneyness of options, there are many other factors impacting options pricing with 

the list of relevant parameters being as follows (Bouzoubaa & Osseiran, 2010): 

• The current underlying asset price 

• The volatility of the underlying’s returns 

• Risk-free interest rate 

• Dividend yield 

• Strike price 

• Time to maturity 
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As the main purpose of this thesis is to explore product payoffs, options pricing theory and 

pricing mechanism details will not be discussed further. However, there was still motivation 

to present the core concepts regarding options and their valuation as they play a crucial role 

in the structuring of equity-linked notes: prices of various options and their combinations 

impact heavily what kind of products can be made in the first place, what kind of market 

views they reflect, and whether they can be made at price levels or profit patterns that attract 

investors. Theoretically, the prices of potential product components create a set of limits 

within which the product structurer can innovate to the best of their ability. In terms of 

equity-linked notes, this manifests itself in various combinations of options being embedded 

in a product. This concept can also be called option strategies (Chan et al., 2019). In the 

following subchapter, the option strategies and exotic options that have been used in the 

products studied in this thesis are discussed in further detail as well as how they translate 

into final product payoffs. 

 

2.3 Product Structures and Components    

This subchapter aims to give a comprehensive description of the product structures under 

exploration in this thesis in addition to the relevant building blocks to make these structures. 

The following structures alone do not compose the equity-linked note market offering in its 

entirety by any means as there are a multitude of structures not discussed in this thesis, but 

since the main qualifying criteria of the set of products under studying were being product 

types that Nordea has issued in large numbers in the past as well as still being actively issued 

today (many structures fulfil only one of the two criteria), the number of different product 

structures discussed in this chapter is kept low on purpose. Each structure is introduced in 

their most basic form after which their most common variations are explained along with the 

kind of market view and investment goals they satisfy. Furthermore, their payoff functions 

in terms of equity asset performance are showcased and they will be utilized in the simulation 

section of the study. 
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Capital Protected Notes 

      

Capital protected notes, as the name suggests, are a subcategory of structured products that 

offer protection to the invested capital (Li et al., 2022). With products that offer protection 

to 100% of invested capital, the investor will not lose money if they hold the product until 

its maturity no matter what happens to the underlying equity asset assuming the product 

issuer retains their ability to service their debt (Blumke, 2009). In other words, as long as 

the product issuer avoids running into what is known as credit events such as bankruptcies, 

payment defaults, or debt restructurings, the investor is facing no downside risk while still 

having upside potential from value appreciation of the equity asset.  

 

 

Figure 3. Building blocks and payoff components of capital protected notes 

 

Figure 3 illustrates the process through which the combination of upside potential and 100% 

capital protection is achieved. By depositing an appropriate amount on a zero-coupon bond, 

the issuer can ensure that the value at which the product will mature will be at least 100% of 

the notional amount as this is the level where the zero-coupon bond value has increased to 

after accruing interest throughout the product’s lifetime. This process can also be described 

as the bond accreting from its original issue discount to face value (Pilbeam, 2018). The 
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original issue discount or price of a zero-coupon bond with continuous compounding of 

interest is calculated as follows: 

𝑃𝑉 = 𝐹𝑉/𝑒𝑟𝑡 

( 1 ) 

 

Where: 

PV = present value or price of the bond 

FV = face value or maturity value of the bond 

𝑒 = Euler’s number ≈ 2.71828 

r = rate of interest 

t = the time until maturity in years 

 

For example, if the objective is to invest in a bond that matures at a face value of 10,000 

euros after five years and the available rate of interest is 4% p.a., the price would be equal 

to  

€10,000

𝑒0.04∗5
≈ €8,187 

( 2 ) 

 

which in percentage terms is roughly 82% of face value. If this was hypothetically one 

building block of a five-year capital protected note with a notional of 10,000 euros, the 

remaining 18% can be spent on a call option of a desired equity asset and a structuring fee 

which corresponds to the profit margin the issuer takes for creating the product. 

 

Figure 4 presents a structuring process example for a capital protected note. Let us assume 

that we have investors interested in a capital protected note with a five-year maturity and 

that interest rates are at 4%. In addition, the issuing organization’s treasury unit is willing to 

pay what is known as a funding spread, which from the structurer’s point of view can be 



33 

 

described as an extra funding put on top of current market interest rates, of 80 basis points 

(0.80%) per annum. With this knowledge, one can calculate the necessary percentage of 

capital that must be set aside in a zero-coupon bond to pay 100% at maturity. In this case, 

the bond price ends up being 79%, and assuming an upfront structuring fee of 4% (0.8% 

p.a.), there is 17% left to be spent on a five-year European call option to offer equity 

exposure. A popular solution to investors is when in addition to 100% capital protection, the 

product would have upside returns that are equal to the increase of the underlying asset value, 

e.g., 20% return if the underlying stock(s) or index were to rise by 20%. In this instance, the 

so-called participation ratio or gearing would be 100%. The participation ratio is equal to 

the amount of capital spent on the call option divided by the price of the option (Bouzoubaa 

& Osseiran, 2010). In this case, the ATM call option price is currently valued at less than 

the remaining capital, leading to a very attractive product to investors since it would have a 

participation ratio of 108% while also having 100% of invested capital protected. These 

kinds of opportunities can be hard to come by and require both high interest rates and low 

option prices. Often even a 100% participation ratio can be difficult to achieve and would 

require some form of financial engineering or sacrifices which are explored in the following 

paragraphs. 

   

 

Figure 4. Structuring process of a capital protected note 

          

Product Idea

• 5-year maturity

• Issue price: 100% of notional

• 100% of notional paid back at 
maturity

•Upside return linked to Index ABC

Zero-coupon bond

• 4.80% of interest p.a. with continuous 
compounding

•A bond priced at 78.66% will be worth 
100% at maturity

Structuring fee

• 0.80% p.a., total fee of 4.00% charged 
upfront

• 100% - 78.66% - 4.00% = 17.34% of 
notional to be invested

European ATM call option

• 5-year call of ABC is available for a 
price of 16.00% of notional

Participation ratio

•Represents the slope linked to 
positive performance of ABC

• 17.34% / 16% = 108.38%

Conclusion

• Successful structuring with issue price 
and capital protection at 100% of 
notional

•Additional return equal to 108.38% of 
positive ABC performance
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Let us assume the same scenario in every other aspect except interest rates are now only at 

3%. With this level of funding and market rates, the five-year zero-coupon bond is priced at 

83%, leaving the issuer with 13% after fees to spend on an ATM call option which does not 

cover its price. There are a few different choices that the structurer can make. They can 

simply use the remaining capital on the option, leading to a participation ratio of 83%. This 

somewhat muted upside potential might be a trade-off that some investors are willing to 

accept with capital protection, but some might lose their interest in a product of such kind. 

Figure 5 presents a payoff diagram of such a product.  

 

 

 

Another possibility is to charge smaller fees which in cases of barely falling short of a 100% 

participation ratio could be a good solution but, in many situations, will not make enough of 

a difference without compromising the business. In addition, the issuing organization might 

have rather strict upper and lower limits for fees, leaving not much room to operate in. 

Another alternative is to buy enough of the option to get to a 100% participation ratio and 

issue the final product at a price that is above 100% (roughly 104% in this case). This 

solution is not without its shortfalls either. Here, the capital protection is still at 100% and 

will not protect the remainder of the investment in case of the option expiring out-of-the-

money due to poor equity performance. In other words, the product would not be “truly fully 

capital protected” as the protection covers only the notional amount of the product instead 

of the full investment. However, especially during the previous decade with low interest 

rates, this was somewhat common of a solution and accepted by some investors.       

Figure 5. Capital protected note with a participation ratio below 100% 
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One workaround to this problem is to find a cheaper alternative for acquiring upside potential 

to the note. Instead of buying a vanilla European call option, one can consider what is called 

an Asian option. Asian options are a subcategory of exotic options and they mostly work 

similarly to European vanilla options, but instead of comparing the spot price of the 

underlying at expiration to the strike price, an Asian option’s payoff is based on an average 

of underlying prices recorded at multiple different dates over a longer period of time (Chan 

et al., 2019). Because of this, they are sometimes referred to as averaging options 

(Bouzoubaa & Osseiran, 2010).  

 

There are a few variations in which this averaging can be done: first, the averaging can be 

done in various frequencies and at various stages during the life of the option, and secondly, 

calculating the average of equity asset returns can be done geometrically or arithmetically 

(Winarti et al., 2017). The averaging is done by choosing a defined set of so-called 

observation dates where the value of the underlying spot price is observed. Depending on 

the option, the observations can be done e.g. quarterly, monthly, or weekly. The averaging 

can be done either to derive the strike price that is then compared to the expiry price or it 

can be done to derive the expiry price that is then compared to the strike price. These two 

Asian option styles are often called averaging-in and averaging-out, respectively (Chan et 

al., 2019). In addition, the observation periods can be uniform throughout the life of the 

option, or they can be placed on a specific time period close to the maturity date. For 

example, a three-year-long averaging-out option could have twelve observation dates with a 

frequency of once a quarter, or alternatively, it could have thirteen observations made once 

a month during the last year of the option. 

 

Most Asian options derive their value from the arithmetic average (Bouzoubaa & Osseiran, 

2010), where the observed spot prices are simply summed together and divided by the 

number of observations. In case of geometric averaging, which is more commonly used for 

sets of growth figures that are exponential in nature such as accrued interest of an investment 

over time, the averaging is done by multiplying the observations and taking an nth root of 

the result (Zhang & Liu, 2014). Due to arithmetic mean-geometric mean inequality, which 
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is a proven concept that with a same set of numbers an arithmetic average will always be 

greater than or equal to the geometric average (Li et al., 2018), with all other specifications 

being equal, an Asian option with a geometric average will always have lower upside 

potential to the one with arithmetic average.  

 

Asian options are a cheaper alternative to European options as the averaging and increased 

number of observations decreases the uncertainty over underlying price fluctuations at 

maturity. In other words, the risk exposure to the spot price and its volatility is lower, thus 

having lower upside potential and a lower price. The magnitude of this effect is different 

between each Asian option variation. The higher the number of observations, the lower the 

price. Moreover, averaging-in style is less risky than averaging-out since the average is 

computed periodically from the option’s inception in the case of averaging-in whereas the 

value of averaging-out is dependent on a set of spot prices further in the future on average, 

increasing the risk exposure to spot prices and volatility. (Bouzoubaa & Osseiran, 2010; 

Chan et al., 2019)       

 

An Asian call option has the following payoff at maturity: 

𝑃 = max⁡[0, 𝑆𝑎𝑣𝑔 − 𝐾] 

( 3 ) 

Where:  

𝐾 = strike price 

𝑆𝑎𝑣𝑔 = the average of spot prices at predetermined dates 

 

and an Asian put option has the following payoff: 

𝑃 = max⁡[0, 𝐾 − 𝑆𝑎𝑣𝑔] 

( 4 ) 
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As is evident from the formulas, Asian option payoff patterns are the same to European 

options, but the difference is that instead of a single spot price at maturity, the strike price is 

compared to an average of prices. If there is sufficient evidence that enough investors find 

the averaging and its effects acceptable alongside a cheaper issue price or higher 

participation ratio for the product, choosing an Asian option over a European option is a 

viable alternative when structuring an equity-linked note.    

 

The final alternative explored in this section enables an increase of funds available for 

spending on the call option by implementing a cap on the upside. Here, in addition to the 

long call, another option trade is included by adding a short call (Soltes, 2011). This way, 

the structurer receives option premiums from the short position which allows more spending 

on the long call position, enabling a higher participation ratio. This combination of a long 

call and short call is a popular options strategy known as a call spread (Chan et al, 2019). 

The type of call spread that could be used in the case at hand is called a bull call spread 

where the short has a higher strike price to the long (Bouzoubaa & Osseiran, 2010). An 

example of a bull call spread is pictured in Figure 6 where the long call is struck at 80% and 

the short call at 120%, but an important thing to remember is that in the context of 100% 

capital protected note, the long call is typically struck ATM at 100% in order to start the 

upside of the note from the capital protection level. This, of course, is not required and the 

option strikes can be placed elsewhere, but this would then result in a different payoff pattern 

for the final product. One can also add a put spread that consists of an ATM short put and 

an OTM long put, ultimately resulting in capital protection below 100% but would also allow 

increased funding for the call option (Soltes, 2011). Further details on adding put options to 

the structure are explained in the section on participation notes. 
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Figure 6. Bull call spread (Bouzoubaa & Osseiran, 2010) 

 

The problem for some with the call spread strategy is that it introduces a hard cap on the 

upside, meaning that if the underlying equity asset were to rise above the cap level, the 

investor would miss out on any additional returns and the product would get outperformed 

by a direct investment in the asset. This is where the “science” of comparing different 

opportunities for potential products with investor expectations and marketability comes into 

play. Some investors might prefer a capped upside to an unlimited upside with decreased 

participation and vice versa for others. Investors who are mildly bullish, i.e. expecting the 

asset to go up but not significantly, will find the capped solution perfect as they do not expect 

the cap to be reached anyway, whereas some investors might be turned off by the idea of a 

cap because they find the risk of lost opportunities too high. Some investors might have 

clearly predefined return targets and if the combination of a cap and floor of returns for a 

particular product matches these targets well enough, this product would satisfy these types 

of investors’ investment goals. 

  

The payoff formula for capital protected notes is as follows: 

𝑃 = 100% + 𝐺 ∗ max⁡(0%,
𝑋 − 𝐾

𝐾
) 

( 5 ) 
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Where: 

𝑃 = payoff 

𝐺 = gearing or participation ratio 

X = final value of underlying(s) (= spot price S in single valuations, or = average of spot 

prices 𝑆𝑎𝑣𝑔 in Asian valuations) 

𝐾 = strike price (Asian or single valuation) 

 

In case of a cap, the formula is amended to: 

  

𝑃 = 100% + 𝐺 ∗ max⁡[0%,min⁡ (
𝑋 − 𝐾

𝐾
,
𝐶 − 𝐾

𝐾
)] 

 

( 6 ) 

Where: 

𝐶 = cap level 

 

All in all, capital protected notes best serve investors who want to make medium to long-

term investments and prioritize loss aversion in their investment goals. In addition to loss 

aversion, they are still bullish on the particular equity asset to some degree as otherwise they 

could simply make direct investments into safe fixed income instruments such as 

government bonds to ensure small profits alongside capital protection (Bouzoubaa & 

Osseiran, 2010). In other words, an informed capital protected note investor wants 

participation into equity markets that they believe will outperform the bond market in 

medium to long term but want protection for their investment in case of incorrect market 

assumptions. Therefore, risk averse investors who still want to retain some potential for 

capitalizing strong equity performance, and those who for one reason or another cannot or 

do not want to wait for turning of economic cycles, might find that capital protected notes 

satisfy their investment goals and utilities more than a direct equity investment would.            
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Participation Notes 

 

Let us now assume that investors are willing to give up capital protection and face downside 

risk in exchange for higher upside potential. Taking the previous example from capital 

protected notes where there was 13.30% left to be spent on a long call position, an ATM call 

option cost 16% and the participation ratio was 83.13%, the objective this time is to enhance 

the participation ratio through giving up capital protection by means of selling a put option. 

Similar to the strategy of capping the upside through a short call position, the option 

premiums from the short put enables additional funding for the long call position, thus 

increasing the participation ratio (Bouzoubaa & Osseiran, 2010). The benefit of the short 

put, however, is that an ATM put often yields higher option premiums to an OTM call. On 

the other hand, this introduces downside risk to the investor, too, as their invested capital is 

no longer protected. Figure 7 showcases a payoff diagram of a typical example where the 

participation ratio is now above 100%. These products have various nicknames depending 

on the issuer, one example being a booster note which is what Nordea, for instance, calls 

these uncapped and unprotected participation notes.  

 

 

Figure 7. Payoff diagram of an uncapped participation note (booster) 

 

In the previous example, there was 13.30% available to invest in the long call. Assuming 

that an ATM put option of the particular equity asset cost 18%, the available funding for the 

long call has now increased to 31.30%. This would result in a participation ratio of 208.67%. 
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In this case, the full 18% was added on top of the already available funding, which results in 

a 100% participation ratio on the downside. If the objective was to have a product that is 

slightly safer and offers partial capital protection, this can be achieved by lowering the 

downside participation ratio. For example, a 50% downside participation ratio is achieved 

by selling only half of the original amount of put options (Bouzoubaa & Osseiran, 2010), 

leading to 18% x 50% = 9% excess to spend on the long call. This would result in a note 

with a participation ratio of 148.67% on the upside and 50% on the downside, meaning that 

for every percentage point the underlying loses in value, the note loses only half, thus being 

able to fall only to 50%.   

 

Often, however, a 100% downside participation is preferred to allow higher upside gains. 

As is the case with capital protected notes, the same methods described earlier to enhance 

upside participation even further can be used with booster notes as well. A popular method 

is to implement a cap to the upside through the call spread strategy (payoff diagram in Figure 

8). The capped versions of high participation notes are sometimes marketed as sprinter notes 

as the product payoff figuratively “sprints” and outperforms the underlying for a short 

distance unlike the uncapped version where the upside in its entirety gets “boosted” higher.       

 

 

Figure 8. Payoff diagram of a capped participation note (sprinter) 

 

In addition to the lowered downside participation ratio, partial or so-called soft downside 

protection can be created in the form of a barrier. Barrier options are a subcategory of exotic 
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options where the payoff is path-dependent and contingent on a second strike level, also 

called the barrier level (Chan et al., 2019). They are a cheaper alternative to equivalent 

vanilla options and offer more flexibility in terms of hedging and speculation. Barrier options 

come in two styles: knock-out options and knock-in options. Knock-out options are options 

that are terminated or “knocked out” if the underlying spot price reaches a prespecified 

barrier level at any time during the life of the option (American barrier) or at the option’s 

expiration (European barrier). If it does, the option holder gets no payout, but if it does not, 

the option works exactly like a vanilla option (Bouzoubaa & Osseiran, 2010). For example, 

in the case of an ATM call with a barrier level of 130%, in addition to expiring OTM, the 

option would expire worthless also if the underlying spot price had risen more than 30% 

from its initial value.  

 

Conversely, knock-in options are activated or “knocked in” if the underlying spot price 

reaches the barrier level. If the barrier is reached, the option works like a vanilla option, but 

if it is not reached, the option holder essentially has paid the option premium for an option 

that never came into existence (Bouzoubaa & Osseiran, 2010). Taking the same ATM call 

example with a 130% barrier from earlier, this time the option will remain worthless until 

the underlying spot price will have increased in value by 30%. 

 

These two examples are specific barrier option combinations called up-and-out call and up-

and-in call, respectively (Chan et al., 2019). The first part of the wording (up or down) comes 

from where the barrier is situated in relation to the initial spot price, and the second (in or 

out) specifies between knock-in and knock-out options. This brings the total number of 

barrier option combinations to eight and each combination is listed and summarized in Table 

3. An important thing to note is that the previous examples had the barrier and potential 

payoff at the same side in relation to the initial spot price, i.e. the up-and-out call is ITM 

when the spot price rises but at most to the barrier level and the up-and-in call is ITM once 

the spot price has risen to the barrier level. This, however, does not have to be the case: the 

barrier and payoffs can be on separate sides. For example, the down-and-out call is ITM if 

the spot price has risen and will only be knocked out if the spot price falls enough to reach 
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the barrier, and with a down-and-in call the spot price will first have to fall down to the 

barrier level and then rise above the strike price to become ITM.  

 

Table 3. Barrier option combinations 

Option type Barrier situated Payoff (barrier 

reached) 

Payoff (barrier not 

reached) 

Up-and-out call Above spot No payoff Vanilla call 

Down-and-out call Below spot No payoff Vanilla call 

Up-and-in call Above spot Vanilla call No payoff 

Down-and-in call Below spot Vanilla call No payoff 

Up-and-out put Above spot No payoff Vanilla put 

Down-and-out put Below spot No payoff Vanilla put 

Up-and-in put Above spot Vanilla put No payoff 

Down-and-in put Below spot Vanilla put No payoff 

 

Going long on barrier options is a great solution for those who have a specific view on the 

future performance of an equity asset as they can set the desired strike and barrier levels and 

get the option for a cheaper price than a vanilla option for taking on extra risk caused by the 

barrier. In other words, barrier options offer the holder significant leverage effect over 

comparable vanilla options. 

 

On the other hand, the seller of a barrier option receives smaller premiums than they would 

from an equivalent vanilla option. Moreover, from the perspective of a structurer who aims 

to mitigate downside risk of a note in the form of a barrier, this barrier is made possible by 

selling a down-and-in put. This would allow setting up a barrier that protects the invested 

capital down to the barrier level. Figure 9 depicts a payoff diagram of this kind of a product. 

This, of course, comes with a cost: the down-and-in put is cheaper than a European put 

option, which returns smaller premiums to the structurer to spend on the vanilla ATM call, 

leading to a smaller participation ratio on the upside. Participation notes can use various 

versions of barrier options but in the set of products explored in this study, only the European 

down-and-in put version is present.    
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Figure 9. Payoff diagram of a participation note with a barrier 

 

The payoff formulas for participation notes are as follows: 

 

Boosters without a cap or barrier 

𝑃 =

{
 
 

 
 100% + 𝐺𝑑 ∗

𝑋 − 𝐾

𝐾
, 𝑖𝑓⁡𝑋 < 𝐾

100%,⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡𝑖𝑓⁡𝑋 = 𝐾

100% + 𝐺𝑢 ∗
𝑋 − 𝐾

𝐾
, 𝑖𝑓⁡𝑋 > 𝐾

 

( 7 ) 

Sprinters with a cap and without a barrier 

𝑃 =

{
 
 

 
 100% + 𝐺𝑑 ∗

𝑋 − 𝐾

𝐾
,⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡𝑖𝑓⁡𝑋 < 𝐾

100%,⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡𝑖𝑓⁡𝑋 = 𝐾

100% + 𝐺𝑢 ∗ min⁡(
𝑋 − 𝐾

𝐾
,
𝐶 − 𝐾

𝐾
), 𝑖𝑓⁡𝑋 > 𝐾

 

( 8 ) 

Boosters without a cap and with a European barrier 

𝑃 =

{
 
 

 
 100% + 𝐺𝑑 ∗

𝑋 − 𝐾

𝐾
⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡𝑖𝑓⁡𝑋 < 𝐵

100%,⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡𝑖𝑓⁡𝐵 ≤ ⁡𝑋 ≤ 𝐾

100% + 𝐺𝑢 ∗
𝑋 − 𝐾

𝐾
⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡𝑖𝑓⁡𝑋 > 𝐾

 

( 9 ) 
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Sprinters with a cap and a European barrier 

𝑃 =

{
 
 

 
 100% + 𝐺𝑑 ∗

𝑋 − 𝐾

𝐾
,⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡𝑖𝑓⁡𝑋 < 𝐵

100%,⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡𝑖𝑓⁡𝐵 ≤ 𝑋 ≤ 𝐾

100% + 𝐺𝑢 ∗ min (
𝑋 − 𝐾

𝐾
,
𝐶 − 𝐾

𝐾
) ,⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡𝑖𝑓⁡𝑋 > 𝐾

 

( 10 ) 

 

Autocallable Notes 

 

Autocallables are a subcategory of equity-linked notes and some of the more popular product 

families in the world of structured products (Guillaume, 2015). Unlike product structures 

discussed previously in this chapter that have only one payout at maturity, autocallables may 

generate income to the investors throughout the product’s lifetime by paying out coupons, 

depending on the performance of the underlying equity assets (Bouzoubaa & Osseiran, 

2010). Moreover, as the name autocallable suggests, autocallable notes can be called, i.e. 

terminated, automatically based on predetermined rules before the product’s maturity date. 

This means that the lifetime of an autocallable note is not locked in, and the maturity date is 

rather referring to the latest possible date where the product may expire (Deng et al., 2016). 

The payoffs of autocallable notes are contingent on three barriers: 1) the call barrier, 2) the 

coupon barrier, and 3) the risk barrier (Guillaume, 2015). The nature of an autocallable can 

vary significantly based on the levels at which these three barriers are set in addition to the 

observation schedule and other specifications of potential coupon payments and autocall 

events as well as the number of underlying assets. 

 

On a surface level, an autocallable note has a maximum lifetime length determined by its 

maturity date, but can be terminated early if the underlying asset value has breached the call 

barrier at a relevant observation time. These observations can be performed continuously or 

discretely, i.e. according to a predefined schedule (Deng et al., 2016). Differences between 

the two styles are shown in Figure 10. All autocallable notes studied in this thesis use discrete 

call observations.  
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Figure 10. Discrete and continuous call observations (Deng et al., 2016) 

 

As an example, a product with a call barrier at 100% would be autocalled if the underlying 

asset(s) had not decreased in value from product issuance to the observation date. In case of 

an autocall event, the full notional amount is returned to the investor. Figure 11 shows three 

underlying performance scenarios where the product gets autocalled due to the underlying 

asset breaching the 100% call barrier at annual observations. 

 

 

Figure 11. Autocall scenarios with a 100% call barrier and annual observations (Bouzoubaa 

& Osseiran, 2010) 

 

Profitability of autocallable notes comes from the fact that they pay out coupons if the 

underlying asset(s) are at or above the coupon barrier level at the relevant coupon 
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observation dates. Depending on the product, coupon observations and call observations may 

be done according to the same schedule, but they can also be placed at different points in 

time and have different observation frequencies. Typically, observations are performed 

annually, semi-annually, or quarterly. The coupon barrier can be set below the call barrier in 

which case the product has potential to keep paying out coupons without an early call if the 

underlying asset value stays between the two barriers. Alternatively, the coupon barrier can 

be set to the same level as the call barrier which means that, assuming the same call and 

coupon schedule, the product pays out coupons only at the time of an autocall, although this 

potential coupon payment would also be higher. 

 

Finally, the risk barrier works in a similar fashion to the European barrier in participation 

notes, other than this time it is path-dependent. This means that where coupons and autocalls 

are observed throughout the product lifetime, the risk barrier is observed only in case the 

product does not get autocalled and makes it to the maturity date. If it does, the product will 

return the full notional amount if the underlying asset value is at or above the risk barrier. If 

the asset value is below the risk barrier at maturity, the product will pay out the nominal 

amount reduced by the negative performance of the underlying asset. (Bouzoubaa & 

Osseiran, 2010) For example, assuming a risk barrier at 50% and the underlying asset value 

has decreased to 40% of its initial value, the note will return only 40% of the notional. A 

payoff diagram of an autocallable note can be seen in Figure 12. As one can see from the 

diagram, the total payoff is higher the later the observation that ultimately ends the product 

is.  

 

Figure 12. Payoff diagram of an autocallable note 
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Autocallable notes’ ability to pay out coupons derives from investing into another type of 

options not discussed previously, called digital or binary options which pay out a specific 

coupon when a barrier event occurs (Bouzoubaa & Osseiran, 2010). Similarly to vanilla 

options, digital options turn a profit to the holder if the underlying asset value develops in a 

desired direction in relation to the strike price, but unlike a vanilla option where the profit 

increases the further away the spot price develops from the strike price, a digital option pays 

out a fixed amount no matter how deep ITM the option ends up being. Figure 13 illustrates 

the long call payoff of a digital option. More specifically, the type of digital option explained 

here is of a cash-or-nothing style, whereas an asset-or-nothing digital option pays the value 

of the underlying asset if this value is higher than the digital trigger. However, cash-or-

nothing digitals are much more common in structured products and therefore digital options 

are often synonymous with cash-or-nothing options (Bouzoubaa & Osseiran, 2010). This is 

also the case in this study.  

 

 

Figure 13. Digital call option payoff 

 

In the case of autocallables, the investor is effectively buying a strip of digitals where each 

digital has a different expiration date, and if a particular digital expires ITM, the autocallable 

pays out a coupon to the investor. The strike level of the digitals is also equal to the coupon 

barrier level of the autocallable note. Where with the previous product structures, the 

objective was to find a balance between risk limitations and as high of a participation ratio 
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as possible, the objective with autocallables is to do the same with the size, frequency, and 

probability of coupon payments. With all else being equal, digitals with higher coupon 

payments naturally have higher prices. This means that when constructing an autocallable, 

if the desire is, for instance, to increase the coupon size from what is possible in the initial 

product idea, some trade-offs must again be made. 

 

Critical components here are the levels at which the barriers are set. A higher coupon barrier 

entails a higher strike price for the long call digitals and thus a lower option price which 

enhances the coupon size. This, however, lowers the probability of getting the coupons in 

the first place as well. The call barrier and its positioning against the coupon barrier impacts 

the value of the digitals and coupon levels, too. The call barrier is implemented by taking a 

long position on an up-and-out call option where the barrier level of the option represents 

the call barrier of the autocallable. Raising the barrier increases the option price and the value 

of the last digitals in the string as the probability of a particular digital being struck is 

conditional on the product not having autocalled by the end of the previous digital’s term. A 

low call barrier increases the probability of an early call and decreases the probability of 

coupons being paid at the tail end of the string of digitals. (Bouzoubaa & Osseiran, 2010; 

Deng et al., 2016) Finally, the risk barrier is implemented by a short down-and-in put, and 

the higher the risk barrier is set at, the more premium is raised for spending on the long 

position, ultimately enhancing the coupons.  

 

There are a few variations of autocallable coupon specifications and how multiple assets are 

observed. First, the coupons can be either flat or they can contain a memory feature. The 

difference between the two is that with a flat coupon structure the investor permanently 

misses out on the coupons every time the coupon barrier is not breached on an observation, 

whereas a memory structure pays out all the coupons that have been missed up to that point 

(Bouzoubaa & Osseiran, 2010). This means that with flat coupons, two different scenarios 

that have the same underlying asset value at the time of product expiration can have 

significantly different product payoffs due to them having different price development paths. 

Memory coupon structures are less risky but still path dependent in a sense that even though 

the total payoffs in the two scenarios end up being the same because of the memory feature, 
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the timing and size of each coupon payment can still be different. Table 4 illustrates the 

difference between flat and memory coupons and assumes otherwise the same product 

specifications for demonstrative purposes. 

 

Table 4. Coupon payment differences between flat and memory coupons 

Product term: 5 years 

Call barrier: 100 % 

Coupon barrier: 70 % 

Risk barrier: 70 % 

Coupon: 5 % 

Initial stock price: 100 

No of observations: 10 (semi-annual observations) 

Observation Stock price Flat coupons 

paid 

Cashflow 

(flat) 

Memory 

coupons paid 

Cashflow 

(memory) 

1 91 1 5 % 1 5 % 

2 82 1 5 % 1 5 % 

3 68 0 0 % 0 0 % 

4 71 1 5 % 2 10 % 

5 64 0 0 % 0 0 % 

6 63 0 0 % 0 0 % 

7 65 0 0 % 0 0 % 

8 62 0 0 % 0 0 % 

9 70 1 5 % 5 25 % 

10 77 1 105 % 1 105 % 

Final/Total 77 5 125 % 10 150 % 

    

 

Secondly, in addition to varying observation schedules, there are different ways to observe 

the underlying asset performance. More specifically, in the case of multiple equity assets, 

the assets can be observed as a basket or the product can contain an exotic feature such as 

worst-of or best-of  structure (Blumke, 2009). A regular basket autocallable works similarly 

to a single-name autocallable, only this time the basket acts as a single security instead of it 

being a single stock or index. In a worst-of autocallable note, the worst performing asset is 

evaluated against the barriers and conversely, the best performing asset is evaluated in case 
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of a best-of autocallable. Worst-of autocallables are by far the most popular out of these 

choices as they generate higher coupons without going beyond many investors’ risk 

appetites, and consequently all the autocallable notes studied in this thesis are either single-

name autocallables or worst-of autocallables. An example of the difference between a basket 

and worst-of autocallable (other product specifications assumed to be equal) and their effects 

on coupon payments and autocall timings is shown in Table 5. 

 

Table 5. Multi-asset autocallable variations 

Product term: 5 years 

Call barrier: 100 % 

Coupon barrier: 70 % 

Risk barrier: 70 % 

Memory coupon: 10 % 

Initial underlying prices: 100 

No of observations: 5 (annual observations) 

Observation Stock 1 price Stock 2 price 50-50 basket Worst-of 

basket 

Cashflow 

(50-50) 

Cashflow 

(worst-of) 

1 86 61 73.5 61 10 % 0 % 

2 104 92 98 92 10 % 20 % 

3 116 99 107.5 99 110 % 10 % 

4 125 107 116 107 called 110 % 

5 136 115 125.5 115 called called 

Final/Total 136 115 125.5 115 130 % 140 % 

 

 

Autocallable notes are a very attractive solution to those who are seeking enhanced yield 

opportunities versus more traditional fixed income instruments such as corporate bonds. 

Moreover, they enable investors to acquire steady income even in sideways or downwards 

trending markets, thus vastly outperforming direct equity asset investments. The downside 

is that the investor will not participate in value appreciation of the underlying assets as the 

profits are essentially capped at the coupon rate. This means that any above-coupon rate 

returns are missed out on and a direct equity investment is more profitable. The autocall 

feature might prove beneficial in this case, however, as the early termination provides 
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flexibility by freeing up the invested capital early, enabling investors to place it in other, 

likely better performing securities. However, this is obviously not guaranteed as a 

hypothetical market rally might be over by the time an autocall has taken place.  

 

Flat coupon payoffs of single-asset autocallable notes can be formulated as follows 

(Bouzoubaa & Osseiran, 2010): 

 

𝑐𝑝𝑛(𝑡𝑖) = 100% ∗ 𝐶 ∗ 𝟏{𝑅𝑒𝑡(𝑡𝑖)≥𝐵𝐶} ∗ 𝟏{ max
𝑗=1,…⁡,𝑖−1

(𝑅𝑒𝑡(𝑡𝑗))<𝐵𝐴}
 

( 11 ) 

 

where 𝑡𝑖 stands for each observation date, 𝐶 is the predetermined coupon level, 𝑅𝑒𝑡(𝑡𝑖) is 

the return (X / K) of the underlying at the observation date, 𝑡𝑗 includes all the observation 

dates prior to 𝑡𝑖, 𝐵𝐶 is the coupon barrier and 𝐵𝐴 is the autocall barrier. 

 

With memory coupons, the formula is amended to 

 

𝑐𝑝𝑛(𝑡𝑖) = 100% ∗ 𝐶 ∗ (𝑖 − 𝑚) ∗ 𝟏{𝑅𝑒𝑡(𝑡𝑖)≥𝐵𝐶} ∗ 𝟏{ max
𝑗=1,…⁡,𝑖−1

(𝑅𝑒𝑡(𝑡𝑗))<𝐵𝐴}
 

( 12 ) 

 

where 𝑚 stands for the number of missed coupons until observation 𝑡𝑖. 

 

The redemption amount is 100% if the structure autocalls. Otherwise, redemption at maturity 

𝑡𝑚 is determined by: 

 



53 

 

𝑅 = {
𝑅𝑒𝑡(𝑡𝑚),⁡⁡⁡⁡⁡⁡⁡𝑖𝑓⁡𝑅𝑒𝑡(𝑡𝑚) < 𝐵𝑅
100%, 𝑖𝑓⁡𝑅𝑒𝑡(𝑡𝑖) ≥ 𝐵𝑅

 

( 13 ) 

 

In the case of worst-of autocallables with 𝑛 assets, 𝑅𝑒𝑡(𝑡𝑖) is replaced with 𝑊𝑅𝑒𝑡(𝑡𝑖) where 

 

𝑊𝑅𝑒𝑡(𝑡𝑖) = min
𝑘=1,…,𝑛

(
𝑋𝑘(𝑡𝑖)

𝐾𝑘
) 

( 14 ) 

 

One last category of options that must be discussed and concerns all of the product categories 

explained earlier, are quanto options. Quanto options are options that are denominated in a 

currency that is different to the one in which the underlying is traded (Wystup, 2017). What 

this means in practice is that with quanto options, the FX risk can be removed and the option 

payoff at expiry is solely dependent on the underlying asset value in relation to its strike 

price. In the context of constructing a structured product, one can for example create a euro-

denominated product that has a basket of US stocks as an underlying, yet the product payoff 

will not be impacted by the EUR/USD FX rate. Each product explored in this thesis that has 

underlying assets denominated in different currencies to the product itself have embedded 

quanto options, which means that there will be no need to make FX adjustments in the 

simulations. The payoff of a quanto call option is given by (Bouzoubaa & Osseiran, 2010): 

 

𝑃 = 𝐹𝑋0 ∗ max[𝑆𝑚 − 𝐾, 0] 

( 15) 

where 𝐹𝑋0 is the exchange rate fixed at the level at time of issuance.   
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3  Current Simulation Methodology 

The current KIDs for PRIIPs calculation methodology is presented in this chapter through 

summarizing the relevant regulatory documents. The methodology is used for calculating 

various key figures of investment products which then end up being presented in a KID. The 

calculation methodology is heavily standardised and is based on EU regulation. The official 

regulatory documents are: 

• Regulation No 1286/2014 of the European Parliament and of the Council on Key 

Information Documents (KIDs) for Packaged Retail and Insurance-based Investment 

Products (PRIIPs) from 26 November 2014 

• Commission Delegated Regulation 2017/653 with Annexes I to VII from 8 March 

2017 

• Questions and Answers (Q&A) on the PRIIPs Key Information Document (KID) 

issued by the European Supervisory Authorities (ESAs) from 4 April 2019 

• Commission Delegated Regulation 2021/2268 from 6 September 2021 

 

EU’s Commission Delegated Regulation from 2017 introduces (with amendments in 2021) 

the RTS that contains detailed information about relevant figures to be presented in the KID 

and how they must be calculated. The relevant figures are as follows: 

• Risk by means of a “Summary Risk Indicator (SRI)” 

• Return by means of performance scenarios 

• Costs by means of “Annual Cost Impact” 

 

As the main area under scrutiny is the performance scenario section, and the risk indicator 

is dependent on the performance scenario calculations, they are the set of figures this study 

focuses on. Since the cost breakdown and Annual Cost Impact are relatively simple 

calculations based on the fees that product issuers and distributors charge from investors, 

one can consider them rather unambiguous figures that do not require further studying. 
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The RTS also divides PRIIPs into four categories. The calculation methodologies vary 

slightly between each category. Structured products fall under Category 3 and therefore this 

study focuses on the Category 3 methodology. The categories are as follows: 

• Category 1: PRIIPs where investors could lose more than the amount they invested 

• Category 2: PRIIPs that offer non-leveraged exposure to the prices of the underlying 

investments 

• Category 3: PRIIPs whose values reflect the prices of the underlying investments, 

but not as a constant multiple of the prices of those underlying investments 

• Category 4: PRIIPs whose values depend in part on factors not observed in the 

market  

 

The following sub-chapters will cover the current calculation methodology for Category 3 

PRIIPs. First, the general concept of bootstrap simulation is introduced after which its usage 

in forecasting stock or index performance is explained. Then the RTS specific considerations 

for bootstrap simulations are presented with simple case examples. Finally, the RTS 

framework for presenting risk and product payoffs is explained, including how the simulated 

performance forecasts are used in showing performance scenario figures and a product risk 

indicator. 

 

3.1  Bootstrap Simulation 

The RTS-mandated product performance simulations are based on a bootstrapping 

methodology. The fundamental idea of the standard bootstrap method is to sample data 

randomly with replacement (Cogneau & Zakamouline, 2010). In other words, bootstrapping 

is performed by taking resamples 

𝑋∗ = (𝑥1
∗, 𝑥2

∗, … , 𝑥𝑛
∗) 

( 16 ) 

from (𝑥1, 𝑥2, … , 𝑥𝑛). 
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In the context of equity-linked structured products, the historical performance of the 

underlying stock or index is used as the original sample data (𝑥1, 𝑥2, … , 𝑥𝑛) from which 

random resamples are taken and applied as the estimated future performance of the 

underlying asset. 

 

More specifically, the historical performance of the underlying asset is formulated as log 

returns over a specific time interval. Let us assume that a time interval [t, T] is divided into 

n equally spaced sub-intervals with a length of Δt in a way that 

𝑛 = ⁡
𝑇 − 𝑡

∆𝑡
 

 

( 17 ) 

and that at times 

𝑡𝑘 = 𝑡 + 𝑘∆𝑡, 𝑘 = 0, 1, …⁡ , 𝑛⁡ 

( 18 ) 

  

the value of the underlying asset can be observed and is denoted by 𝑃(𝑡𝑘). The log return 

during interval 𝑘, 1 ≤ 𝑘 ≤ 𝑛 is given by 

𝑥𝑘 = log⁡(
𝑃(𝑡𝑘)

𝑃(𝑡𝑘−1)
) 

( 19 ) 

 

where 𝑃(𝑡𝑘−1) is the value of the underlying asset at the beginning of interval k and 𝑃(𝑡𝑘) 

is the value at the end of interval k. The number of observed returns is equal to n to ensure 

that the sample is 𝑋 = (𝑥1, 𝑥2, … , 𝑥𝑛). (Cogneau & Zakamoline, 2010)  
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For example, assuming the asset being simulated has daily closing price data available and 

the dataset contains the price history of the past year, the data could be used for a bootstrap 

simulation in the following way. The number of observations in sample X is n = 252 (number 

of trading days per year) and the log return for each sub-interval k is calculated by dividing 

the appropriate closing price with the previous day’s closing price and then taking the natural 

logarithm from this calculation. The set of log returns constitute the sample X from which 

values are picked at random to represent the future log returns of the underlying asset. 

Assuming the objective is to estimate prices for the upcoming year (another 252 trading 

days), the projected path of the underlying asset is based on the resample 𝑋∗ that is created 

by making 252 random picks from the original sample X. This means that in the bootstrap 

method, estimated equity asset returns are highly sensitive to the chosen time period and size 

of the sample (Su & Chang, 2020). 

 

3.2 RTS Spot Simulation 

For the purposes of bootstrapping the expected returns of the underlying asset from the 

observed distribution of returns, there are two types of market observables that can 

contribute to the simulations: 

• Spot prices (FX, equity, commodity or inflation products) 

• Curves (interest rate products) 

 

As the focus of this study is on equity-linked structured products, only spot price simulations 

are explored. The minimum required time length of the sample used for bootstrapping is as 

follows: 

 

Table 6. Requirements for a historical spot price sample for simulations 

Length of sub-interval / price history frequency Length of historical price sample 

Daily prices ≥ 2 years 

Weekly prices ≥ 4 years 

Monthly prices ≥ 5 years 
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The simulation sample is expected to be as granular as possible. In other words, if all 

underlying assets (or the single asset in case of a product with one underlying asset) have 

daily historical price data available, the sample must be formed from daily historical prices. 

If price data availability were to differ from one underlying asset to another, e.g. one asset 

has monthly prices only and the others have daily prices, the same price history frequency 

must be used, which in this case would be monthly prices. In case of an underlying asset not 

meeting the criteria for the length or frequency of price history, an appropriate benchmark 

or proxy is allowed to be used in place of the original underlying asset. 

 

Once the appropriate historical spot price sample is assembled, the first step of the simulation 

is to calculate the return for each observed period in the historical sample by taking the 

logarithm of the price at the end of each period divided by the price at the end of the previous 

period. Then, one observed period which corresponds to the return of all underlying assets 

is selected for each simulated time period in the recommended holding period (RHP) of the 

product. It is worth noting that the same observed period may be used more than once in the 

same simulation. Finally, the return for each underlying asset is calculated by summing the 

returns from the selected periods and correcting the return in such a way that the expected 

return measured from the simulated distribution is replaced by the risk-neutral expectation. 

The final return of the value is given by: 

 

𝑅𝑒𝑡𝑢𝑟𝑛 = 𝐸[𝑅𝑒𝑡𝑢𝑟𝑛𝑟𝑖𝑠𝑘−𝑛𝑒𝑢𝑡𝑟𝑎𝑙] − 𝐸[𝑅𝑒𝑡𝑢𝑟𝑛𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑] − 0.5𝜎
2𝑁 − 𝜌𝜎𝜎𝑐𝑐𝑦𝑁 

( 20 ) 

  

Where: 

• the first term is calculated from the following equation: 𝐸[𝑅𝑒𝑡𝑢𝑟𝑛𝑟𝑖𝑠𝑘−𝑛𝑒𝑢𝑡𝑟𝑎𝑙] =

𝑅𝑖𝑠𝑘𝑓𝑟𝑒𝑒⁡𝑅𝑒𝑡𝑢𝑟𝑛 + 𝑆𝑢𝑚⁡𝑜𝑓⁡𝑠𝑖𝑚𝑢𝑙𝑎𝑡𝑒𝑑⁡𝑟𝑒𝑡𝑢𝑟𝑛𝑠 

• the second term corrects for the impact of the mean of the observed returns 

• the third term corrects for the impact of the variance of the observed returns 
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• the final term corrects for the quanto impact in case the strike currency of the product 

is different from the currency of the underlying asset. The following terms contribute 

to this correction term: 

o 𝜌 is the correlation between the asset price and the relevant FX rate measured 

over the spot price history 

o 𝜎 is the measured volatility of the asset 

o 𝜎𝑐𝑐𝑦 is the measured volatility of the FX rate 

 

The projected price of the underlying asset is then calculated by taking the exponential of 

the return. The return at the final period of the simulated sample corresponds to the value of 

the underlying asset at the end of the recommended holding period of the product. In the 

case of structured products and Category 3 PRIIPs in general, the projected performance of 

the underlying asset(s) must then be input to the appropriate product payoff function to get 

the simulated performance of the product itself. This is the end of one round of simulations. 

For the purposes of presenting projections on the KID, this simulation must be performed 

10,000 times, from which various percentile points at various time periods are taken and 

presented in the KID. This process is explained further in Subchapter 3.3. 

 

Simulation example: Stock performance of Company XYZ 

 

To bring more clarity into the concept of RTS simulations, the following simple example 

illustrates two rounds of simulations for a fictitious Company XYZ’s stock and two case 

products that use it as an underlying asset. The example follows the RTS methodology, but 

for demonstrative purposes, the historical sample of spot prices and the case products’ time 

to maturity (RHP) are shortened to 20 days and 10 days, respectively. The relevant product 

specifications of the two case products are as follows: 
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Table 7. Simulation example:case products A and B 

 Product A Product B 

Product structure Booster note with no cap or buffer Capital protected note with no cap 

Issue price of product 100 % 100 % 

Product currency EUR EUR 

Strike level of underlying (XYZ) 100 % 100 % 

Upside participation ratio 150 % 100 % 

Downside participation ratio 100 % - 

Capital protection - 100 % 

Product tenor (RHP) 10 trading days 10 trading days 

Initial valuation Spot price of XYZ (day 0) Spot price of XYZ (day 0) 

Final valuation Spot price of XYZ (day 10) Spot price of XYZ (day 10) 

 

In other words, the case products can be deemed the simplest versions in their product 

families as both products derive their initial values from the price of XYZ from the day 

before issuance and final values from the price of XYZ at maturity as well as being issued 

at par value. Product A’s value at maturity is equal to the performance of XYZ in case the 

stock has gone down, and in case the stock has gone up, the positive performance is 

multiplied by 1.5. Product B, on the other hand, follows the performance of XYZ when the 

stock goes up, but matures at 100% in case of negative stock performance.  

 

Table 8 showcases the historical sample of XYZ’s spot prices and other relevant variables 

to perform the simulations. As the underlying stock and the products share the same 

currency, the quanto adjustment term from Formula 20 is set to zero. The risk-free rate is 

assumed to be 2% p.a. and the number of trading days per year to be 252, leading to a risk-

free rate of roughly 0.08% over the RHP. 
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Table 8. XYZ spot history and other calculation inputs 

Day Price 

(EUR) 

Log return Other inputs and formulas 

0 39.27 -  

𝑅𝑒𝑡𝑢𝑟𝑛 = 𝐸[𝑅𝑒𝑡𝑢𝑟𝑛𝑟𝑖𝑠𝑘−𝑛𝑒𝑢𝑡𝑟𝑎𝑙] − 𝐸[𝑅𝑒𝑡𝑢𝑟𝑛𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑] − 0.5𝜎
2𝑁 − 𝜌𝜎𝜎𝑐𝑐𝑦𝑁 

 

𝐸[𝑅𝑒𝑡𝑢𝑟𝑛𝑟𝑖𝑠𝑘−𝑛𝑒𝑢𝑡𝑟𝑎𝑙] = 𝑅𝑖𝑠𝑘𝑓𝑟𝑒𝑒⁡𝑅𝑒𝑡𝑢𝑟𝑛 + 𝑆𝑢𝑚⁡𝑜𝑓⁡𝑠𝑖𝑚𝑢𝑙𝑎𝑡𝑒𝑑⁡𝑟𝑒𝑡𝑢𝑟𝑛𝑠  

1 39.44 0.00432 

2 40.82 0.03439 

3 41.58 0.01845 

4 40.97 -0.01478   

5 41.32 0.00851 𝑅𝑖𝑠𝑘𝑓𝑟𝑒𝑒⁡𝑅𝑒𝑡𝑢𝑟𝑛 0.000793651  

6 40.70 -0.01512 𝐸[𝑅𝑒𝑡𝑢𝑟𝑛𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑] 0.005057499  

7 40.14 -0.01385 𝑁 10  

8 40.67 0.01312 𝜎 0.013785608  

9 41.24 0.01392 0.5𝜎2𝑁 0.000950215  

10 41.35 0.00266 𝜌𝜎𝜎𝑐𝑐𝑦𝑁 0  

11 42.12 0.01845    

12 41.89 -0.00548    

13 42.54 0.01540    

14 43.05 0.01192    

15 42.66 -0.00910    

16 42.95 0.00677    

17 43.31 0.00835    

18 42.78 -0.01231    

19 42.61 -0.00398    

20 43.45 0.01952    

     

Table 9 illustrates two rounds of bootstrap simulations made on XYZ stock over the RHP of 

the two case products. In the first simulation, the stock price is estimated to appreciate by 

roughly 4.0% whereas the second simulation suggests a decrease in stock price of roughly 

1.4%. The simulated stock performances are then translated into product returns according 

to appropriate payoff functions, resulting in profits of 6.1% for Product A and 4.0% for 

Product B in the first simulation. The second simulation results in a 1.4% loss for Product A 

and a zero profit for Product B.   
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Table 9. Simulation examples 

 SIMULATION 1 SIMULATION 2 

Each simulated 

period in the RHP 

(10 days) 

Random selection 

from sample (20 

days) 

Log return Random selection 

from sample (20 

days) 

Log return 

1 8 0.01312 9 0.01392 

2 15 -0.00910 19 -0.00398 

3 5 0.00851 16 0.00677 

4 10 0.00266 6 -0.01512 

5 2 0.03439 4 -0.01478 

6 13 0.01540 11 0.01845 

7 4 -0.01478 18 -0.01231 

8 9 0.01392 15 -0.00910 

9 7 -0.01385 8 0.01312 

10 12 -0.00548 12 -0.00548 

Sum of simulated 

returns 

 0.04478  -0.00851 

Adjusted simulated 

return 

 0.03957  -0.01372 

EXP of simulated 

return 

 1.04036  0.98637 

Product A return  1.06054  0.98637 

Product B return  1.04036  1 

 

 

3.3  Presentation of Risk 

In a KID, risk is represented by a Summary Risk Indicator (SRI), the objective of which is 

to present the investor with a rating that indicates the product’s potential to lose money due 

to market circumstances or the product issuer’s inability to pay back to the investors. The 

SRI is an integer between 1 and 7, the value of 1 suggesting a very low level of risk and the 

value of 7 a very high level of risk. The SRI is calculated with two inputs: the Market Risk 

Measure (MRM) and the Credit Risk Measure (CRM), both of which are also integers 

ranging from 1 to 7 and from 1 to 6, respectively. The table below displays the mapping of 

deriving SRI from MRM and CRM. 
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Table 10. Assignment of SRI for a product based on its MRM and CRM 

CRM       
MRM MR 1 MR 2 MR 3 MR 4 MR 5 MR 6 MR 7 

CR 1 1 2 3 4 5 6 7 

CR 2 1 2 3 4 5 6 7 

CR 3 3 3 3 4 5 6 7 

CR 4 5 5 5 5 5 6 7 

CR 5 5 5 5 5 5 6 7 

CR 6 6 6 6 6 6 6 7 

 

The Market Risk Measure (MRM) is determined by the annualized volatility of a product 

corresponding to the value-at-risk (VaR) at a confidence level of 97.5% over the 

recommended holding period. The VaR is the percentage of the amount invested that is 

returned to the investor. In other words, the VaR in price space is calculated from the 

simulated distribution of PRIIP values at the end of the RHP, where the VaR is equal to the 

2.5th percentile of simulated values discounted to the present date using the expected risk-

free discount factor from the present date to the end of the recommended holding period. 

Since the RTS mandates 10,000 rounds of simulations, this corresponds to the 250th value 

when sorting the PRIIP values in an ascending order, discounted to the present date. 

 

This value is then utilized in calculating the VaR-equivalent volatility (VEV). The VEV is 

given by: 

𝑉𝐸𝑉 = ⁡
√3.842 − 2 × ln(𝑉𝑎𝑅𝑃𝑟𝑖𝑐𝑒𝑆𝑝𝑎𝑐𝑒) − 1.96

√𝑇
 

( 21 ) 

 

where T is the length of the recommended holding period in years. In case of autocallables, 

if the product gets called before the end of the recommended holding period in the simulation 

corresponding to 𝑉𝑎𝑅𝑃𝑟𝑖𝑐𝑒𝑆𝑝𝑎𝑐𝑒, T is equal to the period in years until the early call event 

instead. 

Finally, the PRIIP shall be assigned an MRM level according to the table below. 
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Table 11. Assignment of MRM level for a product based on its VEV 

MRM VaR-equivalent volatility (VEV) 

MR 1 < 0.5% 

MR 2 ≥ 0.5% and < 5.0% 

MR 3 ≥ 5.0% and < 12% 

MR 4 ≥ 12% and < 20% 

MR 5 ≥ 20% and < 30% 

MR 6 ≥ 30% and < 80% 

MR 7 ≥  80% 

 

The Credit Risk Measure (CRM) is dependent on the creditworthiness of a manufacturer or 

party bound to make, directly or indirectly, relevant payments to the investor. In cases where 

an entity directly engages to make payments to retail investors of PRIIPs, this so called direct 

obligor shall be the entity to go under credit risk assessment. If all payment obligations of 

the direct obligor are unconditionally and irrevocably guaranteed by another entity, i.e. a 

guarantor, the credit risk assessment of the guarantor can be used instead if it were more 

favourable to the credit risk assessment of the obligor. For all the products explored in this 

study, Nordea acts as the direct obligor, therefore meaning that CRMs for all products are 

solely dependent on the credit assessment of Nordea at the time of creating the product. 

 

The first step in performing credit risk assessment is to assign the relevant creditor a so called 

credit quality step which is dependent on a credit assessment performed by an External 

Credit Assessment Institution (ECAI) certified or registered with the European Securities 

and Markets Authority (ESMA). In practice, for most cases this means assigning the credit 

quality step based on a credit rating from the main credit rating agencies such as Standard & 

Poor’s Global Ratings (S&P), Moody’s Investors Service (Moody’s), or Fitch Ratings Inc. 

(Fitch). The initial credit quality step is assigned from credit ratings in the following way: 

 

 

 

 



65 

 

Table 12. Assignment of the credit quality step 

Credit quality step S&P or Fitch Moody’s  

• S&P and Fitch have fine gradations with + and 

-, e.g., credit quality step 1 includes AA+, AA 

and AA- 

• Moody’s has fine gradations from 1 to 3, e.g., 

credit quality step 1 includes Aa1, Aa2 and 

Aa3 

0 AAA Aaa 

1 AA Aa 

2 A A 

3 BBB Baa 

4 BB Ba 

5 B B 

6 C or SD/D C 

 

 

If the creditor has no external credit assessments, they shall be assigned with either credit 

quality step 3 or 5, depending on the following factors. If the obligor is regulated as a credit 

institution under the applicable union law or equivalent legal framework and the rating of 

the member state the obligor is domiciled in meets the criteria of credit quality step 3, the 

obligor is given credit quality step 3. Otherwise, credit quality step 5 is assigned.  

 

Afterwards, the initial credit quality step is adjusted further depending on product lifetime, 

i.e. time to maturity or the recommended holding period, the two of which being the same 

in the case of structured products. Table 13 seen below illustrates the necessary adjustments. 

 

Table 13. Credit quality step adjustments based on RHP or time to maturity 

Credit quality step Adjusted credit quality 

step (RHP ≤ 1 year) 

Adjusted credit quality 

step (1 year < RHP ≤ 12 

years) 

Adjusted credit quality 

step (RHP > 12 years) 

0 0 0 0 

1 1 1 1 

2 1 2 2 

3 2 3 3 

4 3 4 5 

5 4 5 6 

6 6 6 6 
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Finally, the adjusted credit quality step is transformed into the CRM according to Table 14 

below: 

 

Table 14. CRM assignment from the adjusted credit quality step 

Adjusted credit quality step Credit Risk Measure (CRM) 

0 1 

1 1 

2 2 

3 3 

4 4 

5 5 

6 6 

 

In practical terms, calculating the SRIs is rather simple for structured products explored in 

this thesis as Nordea’s credit ratings have remained unchanged since 2012, with ratings of 

AA-, Aa3, and AA- from S&P, Moody’s, and Fitch, respectively (Nordea Bank Abp, 2023). 

This gives products issued by Nordea an initial credit quality step of 1 for which no 

adjustments are made no matter what the RHP length is, ultimately leading to a CRM of 1 

for all products. As one can see from the earlier SRI mapping (Table 10), in cases of CRM 

being 1, the SRI is equal to the MRM. Therefore, for the products explored in this study, the 

SRI is dependent on only the MRM, meaning that the only variables that determine a 

product’s SRI are the discounted 2.5th percentile of simulated product payoffs and the 

product lifetime length. 

 

3.4  Presentation of Payoffs 

KIDs are mandated to showcase product payoff projections in the form of a scenario table. 

The size and format of the table varies slightly depending on the type of product and its RHP. 

In any case, however, the projected payoffs must be shown with five possible scenarios: 

• a favorable scenario 

• a moderate scenario 

• an unfavorable scenario 
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• a stress scenario 

• a minimum scenario 

 

Each scenario makes up one row in the scenario table. The minimum scenario represents the 

minimum guaranteed return from the product. In the context of equity-linked notes of this 

thesis, this guaranteed return is equal to the capital protection level at maturity and requires 

no simulations. The stress scenario is intended to showcase returns in extremely negative 

market circumstances not captured in the unfavorable scenario. The technical details of the 

stress scenario will be further explained later in this subchapter. The unfavorable, moderate, 

and favorable scenarios are calculated by using the regular RTS spot simulation method 

explained in Subchapter 3.2 and correspond to the 10th, 50th, and 90th percentiles of simulated 

values, respectively. Unlike with the 2.5th percentile scenario used for SRI calculation, these 

values are not discounted with the risk-free discount factor and are instead simple sums of 

cashflows earned from the product. The results are presented in monetary units (rounded to 

the nearest whole number) and as an annual return of investment in percentage terms. The 

amount in monetary units is presented in relation to an example investment, the size of which 

is standardized in all KIDs according to product currency, e.g. 10,000 EUR or 100,000 SEK.   

 

Depending on the RHP of a product, the performance figures must be shown at either one, 

two or three points in time. This impacts the number of columns in the scenario table. The 

appropriate time periods are designated as follows: 

• If RHP ≤ 1 year, only values at the end of the RHP must be shown 

• If RHP > 1 year and RHP < 10 years, values at the end of year 1 and at the end of 

RHP must be shown 

• If RHP ≥ 10 years, values at the end of year 1, at half of the RHP rounded up to full 

years, and at the end of RHP must be shown 

 

Most structured notes and all the products studied in this thesis have their RHPs between 1 

and 10 years which means that the table format of interest shows the scenario projections at 
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the end of one year and at the end of RHP or maturity. An example of a performance scenario 

table is shown in Table 15. 

 

Table 15. Performance scenario table for a capital protected note issued on 07.01.23 

Recommended holding period Until 21.01.25 

Example investment 10,000 USD 

Scenarios If you exit after 1 year If you exit after 21.01.25 

Minimum 10,000 USD. There is no minimum guaranteed return if you exit before 21.01.25. You could 

lose some or all of your investment. 

Stress What you might get back after costs 

Average return each year 

9,410 USD 

-5.90% 

10,000 USD 

0.00% 

Unfavorable What you might get back after costs 

Average return each year 

9,744 USD 

-1.27% 

10,000 USD 

0.00% 

Moderate What you might get back after costs 

Average return each year 

10,342 USD 

3.42% 

11,298 USD 

6.20% 

Favorable What you might get back after costs 

Average return each year 

11,053 USD 

10.53% 

12,000 USD 

9.41% 

 

The performance scenarios are presented with slight variations for autocallables. Due to the 

possibility of an early call event, the right-most column does not show simulated values at 

RHP, but rather at the time of autocall or maturity in case of no call event. In case a given 

scenario is projected to have an early call event, the date of this event must be added to the 

table. In addition, in case of a projected autocall, only the values for those intermediate 

holding periods that happen before the projected autocall are to be shown. In other words, in 

the context of this thesis that only contains products that require showing projections for 

year 1, but not half of RHP, if an autocall is projected to take place within the first year of 

the product, the year 1 value will be left empty. The average return percentages are also 

calculated up to the given call date instead of up to maturity in case of call events. Table 16 

illustrates an example of a performance scenario table for an autocallable.  
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Table 16. Performance scenario table for an autocallable issued on 17.02.23 

Recommended holding period Until the product is called or matures 

This may be different in each scenario and is 

indicated in the table 

Example investment 10,000 EUR 

Scenarios If you exit after 1 year If you exit at call or 

maturity 

Minimum There is no minimum guaranteed return. You could lose some or all of your investment. 

Stress What you might get back after costs 

Average return each year 

1,392 EUR 

-86.08% 

2,765 EUR 

-34.85% 

Unfavorable What you might get back after costs 

Average return each year 

7,447 EUR 

-25.53% 

5,398 EUR 

-18.58% 

Moderate 

(product ends after 17.02.24) 

What you might get back after costs 

Average return each year 

 

 

11,000 EUR 

10.00% 

Favorable 

(product ends after 17.08.25) 

What you might get back after costs 

Average return each year 

11,000 EUR 

10.00% 

12,500 EUR 

9.34% 

  

 

As mentioned earlier, the stress scenario aims to showcase projected returns in extremely 

negative market circumstances by performing the regular RTS simulation with some 

modifications. The stress scenario calculations can be described as measuring volatility from 

the underlying’s spot history, taking a highly volatile period and using it to rescale the 

historical log returns, performing the RTS simulation with the rescaled log returns, and 

assigning a very poor simulated performance to the stress scenario. In other words, the stress 

scenario gets its weaker performance from adjusting the regular RTS spot simulation with 

higher volatilities and a low payoff percentile. The first step is to calculate a stress volatility 

by identifying a sub-interval of length 𝑤 which is equal to a number of spot history time 

periods corresponding to the table below: 

 

Table 17. Sub-interval length for stress volatility calculation 

 RHP ≤ 1 year RHP > 1 year 

Daily prices 21 63 

Weekly prices 8 16 

Monthly prices 6 12 
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For each sub-interval of length 𝑤, one must identify historical lognormal returns 𝑟𝑡 where 

 

𝑡 = 𝑡0, 𝑡1, 𝑡2, …⁡, 𝑡𝑁−𝑤 

( 22 ) 

 

𝑁 being the number of trading periods in the RHP. The volatility for each sub-interval is 

then calculated based on the following formula starting from 𝑡𝑖 = 𝑡0 rolling until 𝑡𝑖 = 𝑡𝑁−𝑤. 

 

𝜎(𝑤, 𝑡𝑖) = √
∑ (𝑟𝑡𝑖 −𝑀(𝑤, 𝑡𝑖))

2𝑡𝑖+𝑤
𝑡𝑖

𝑁𝑤
 

( 23 ) 

 

Where 𝑁𝑤 is the number of observations in the sub-interval and 𝑀(𝑤, 𝑡𝑖) is the mean of all 

historical lognormal returns in the corresponding sub-interval. This results in a set of 

volatilities 𝜎(𝑤, 𝑡𝑖) where 𝑖 = 0, 1, …⁡, 𝑁 − 𝑤. From this volatility set, a single volatility 𝜎𝑤 

that is used for stress scenario calculations is taken, and is equal to the 90th percentile of the 

volatility set when calculating the RHP stress scenario value and 99th percentile when 

calculating the one-year value. The underlying’s historical returns 𝑟𝑡 are then rescaled 

according to the following formula: 

 

𝑟𝑡
𝑎𝑑𝑗

= 𝑟𝑡 ∗
𝜎𝑤
𝜎

 

( 24 ) 

 

where 𝜎 is the volatility of all historical log returns. Afterwards, the regular RTS bootstrap 

simulation is performed, this time with the rescaled log returns and new adjustment terms 

caused by the change in volatility. Finally, the stress scenario values presented in a scenario 

table are equal to the 1st percentile of simulated payoffs for year 1 and 5th percentile for RHP. 
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When it comes to intermediate holding periods, i.e. the one-year values in our case, the 

regulation is more ambiguous compared to RHP value calculations. The RTS states that 

scenario values at intermediate holding periods should be estimated “in a manner consistent 

with the estimation at the end of the recommended holding period”. This leaves room for 

interpretation: should the one-year values be captured from the same paths as the relevant 

RHP values or should they be calculated separately? For example, in a case of a five-year 

product, should the favorable one-year value be taken from the same round of simulations 

that ended up being selected as the favorable RHP value, only derived from the value of the 

underlying after year 1 instead of year 5? Another option is to collect the underlying values 

at year 1 in addition to RHP similarly to the previous example, but this time rank the one-

year values as well and put the values at appropriate percentiles in the one-year column of 

the scenario table. Alternatively, the one-year values can also be simulated separately from 

RHP values where the simulations are first performed all the way to RHP and then repeated 

only for the first year. Each approach has its pros and cons, which in addition to other 

challenges and benefits of the current RTS are discussed in the following subchapter.  

 

3.5 Benefits and Challenges of Current Methodology 

Despite apparent lack of praise from both people working in the industry and related 

scientific literature, the current bootstrap-based methodology has quite a few strengths and 

it serves its purpose as being used for regulative purposes rather well. From a regulator’s 

perspective, it is always easier to enforce the regulation when all parties fallen under it are 

obligated to follow it in a similar manner and have no means to bend it to their will. In the 

case of KIDs for PRIIPs regulation, the payoff projections are slightly impacted by the risk-

free rate assumption which can be taken from the relevant OIS curve, but mostly by the 

underlying assets’ spot price history. This forms a clearly defined set of numbers, and 

questionable simulation results could easily be proven to have faulty or fraudulent inputs. 

Other models could entail various model inputs that might differ from one product issuer to 

the next. 
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The challenge with alternative solutions is that they would have to be based on current 

market estimates or pricing mechanisms that are somewhat unique for each product issuer. 

In this case, even if the calculation methodology was highly standardized, similar products 

could get very different results due to different model inputs from different product issuers. 

Moreover, some of these inputs, such as implied volatility of the underlying, are impacted 

by market participants, i.e. the product issuers themselves. This type of model solution could 

be exposed to the risk of market manipulation (Cao & Rieger, 2013). Although, suggesting 

that a product issuer would go to lengths of market manipulation to enhance simulation 

results in their KIDs would imply that KID scenario tables have an extremely high marketing 

impact. Nevertheless, a model that is based on already determined numbers avoids the risk 

of questionable manoeuvres and ambiguousness.   

 

The current RTS methodology has some strengths in terms of simulation capabilities as well. 

Through the process of taking a historical sample of asset performance and essentially 

shuffling it and applying the result as a future performance estimate, the model automatically 

captures essential aspects such as the volatility of the asset and asset correlations in case of 

multi-asset products instead of having to make specific assumptions or calculate them 

beforehand. This would be the case in any model that had these aspects as input parameters. 

Depending on the variability of the relevant spot price history, the estimated payoff 

distribution can capture a wide range of outcomes or it can be very narrow, but in either case, 

the model is very accurate when past performance gets repeated in the future. 

 

This obviously is not always the case. The main weakness of RTS-mandated bootstrap 

simulations is the fact that the payoff projections are highly sensitive to past performance of 

the underlying. Many models in the world of finance have drawn criticism due to them being 

able to assume the possibility of various events happening only once they have already 

happened before, and the RTS methodology is arguably a rather extreme case of this. 

Assuming a product that is based on the performance of an underlying the value of which 

has kept on coming down, the product is expected to perform the same way even if all signs 

point to the current moment being the bottom for the underlying asset. Conversely, an 

underlying that has risen to new heights is expected to continue on the same trend with the 
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model being unable to capture the possibility that this asset has become overpriced and will 

decrease in value in the future. In addition, the predictions are heavily impacted if the 

historical sample contains periods of major market movements. For example, when the 

sample contains significant price drops caused by the breakout of Covid-19 or Russian 

invasion of Ukraine, these price drops are replicated in the future projections and once 

enough time has passed for these events to no longer fit into the window of sample prices, 

those market events simply stop showing up in the projections.  

 

In a general sense, the bootstrap model essentially applies the long-term historical price trend 

to the future and the higher the historical volatility, the more the unfavorable and favorable 

scenarios can differ from one another and the moderate scenario. This means that an 

underlying that has grown in the past, but with enough short-term deviations from the long-

term trend, will show a generally bullish scenario projection that still shows a possibility of 

significant losses in unfavorable circumstances. However, if the historical sample consists 

of mostly a steady rise, the scenario projections will not show a possibility of a loss which 

can be very deceiving to a potential investor. On the other hand, a stock that has fallen 

steadily might showcase losses even in the favorable scenario.  

 

The following example showcases some of the problems where a product issued in 2019 

with Outokumpu stock as an underlying, due to its struggles in the preceding years, is 

projecting a 24% loss in the moderate scenario. Granted, the favorable scenario is showing 

significant profits, but the whole payoff distribution is suggesting a 64% probability of 

making losses even though the stock is near an all-time low while market sentiment on the 

stock is bullish. This certainly seems confusing and does not form a good basis to sell a 

product. Had a product with exact same features been made four years earlier, the price 

history effects would have been even worse as the estimated losses in the moderate scenario 

would have gone all the way to 60%, the probability of losses to 89%, and the favorable 

scenario would have profits of only less than 6%. The product that was issued in 2019 ended 

up maturing at 139% while the hypothetical product issued in 2015 would have matured at 

159%. This means that for the product that was issued in 2019 the scenario distribution 

captures the realized return of the product as it is between the favorable and unfavorable 
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scenario although the simulation is suggesting it to be an unlikely and fortunate occurrence. 

With the 2015 case, however, the realized return is significantly above the favorable 

scenario. In both cases, simulations made with the RTS methodology are suggesting that 

realized returns for the products are on the very high end of their payoff distributions even 

though market sentiment suggested them to be likely outcomes. A common occurrence in 

the set of products explored in this thesis is similar to the Outokumpu case from 2019 where 

the favorable scenario does show large profits but the moderate scenario shows significant 

losses.   

 

Table 18. RTS scenario values on booster notes with Outokumpu stock as underlying 

Recommended holding period 2 years 

Example investment 10,000 EUR 

Product type Uncapped booster note with 230% participation 

Scenarios Product A issued in Feb 2019 Product B issued in Apr 2015 

Minimum 0 EUR 

Stress 1,066 EUR 

-67.35% p.a. 

563 EUR 

-76.27% p.a. 

Unfavorable 2,736 EUR 

-47.69% p.a. 

1,496 EUR 

-61.32% p.a. 

Moderate 7,578 EUR 

-12.95% p.a. 

3,908 EUR 

-37.48% p.a. 

Favorable 20,742 EUR 

43.08% p.a. 

10,565 EUR 

2.79% p.a. 

 

 

An even more extreme example is a worst-of autocallable note issued in 2018 with Essity 

Ab, Getinge Ab, Securitas Ab, and Nokia Oyj as underlying assets. Due to significant 

decreases in value for both Getinge and Nokia in the historical sample, the product is 

projected to have a final payoff of only 44% in a favorable scenario. The underlying basket 

kept on performing rather poorly after issuance until it bounced back up above the coupon 

and call barrier of 80% after four years, resulting in a final payoff of 146% which is way 

beyond any of the projected figures. This, however, is a unique case in the test product set 

with the Outokumpu example being much more common. 
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Another problem area is concerning performance projections after one year. As mentioned 

earlier, there is the question whether to use the same performance paths for both RHP and 

one-year values. This can create scenario tables that are confusing to investors: the path that 

ended up becoming 90th percentile at RHP and thus the favorable scenario might have started 

out weak and have worse performance after year 1 than the moderate or unfavorable 

scenarios. This could be explained by clarifying that each scenario table row represents one 

performance path and the columns share the same paths. This, however, arguably creates an 

unnecessary addition of complexity to what is already complicated to explain to many. 

Moreover, sticking with a few individual paths out of 10,000 variations seems unnecessary: 

perhaps the 89.9th percentile or 90.1th percentile would have had just the same payoff at 

maturity but would have done a better representation of a favorable scenario at year 1. It is 

also important for some investors to see possible payoffs after one year in a similar manner 

to the RHP. Thus, a better alternative is to rank one-year values independently from RHP 

values and choose the relevant percentile points from this ranking. 

 

However, the problem with one-year values does not end here. As the products have not yet 

matured at this point, the product payoffs cannot be derived straight from underlying asset 

value developments. Instead, the payoff is contingent on the product’s valuation on the 

secondary market. Figure 14 below displays the changes in secondary market valuation 

where the bond component accrues closer to 100% of notional through time and the option 

value fluctuates depending on various factors mentioned briefly in Subchapter 2.2 regarding 

options pricing. Whether the option is ITM or not, it can have various levels of extrinsic 

value which cannot be derived merely from underlying stock value. Consequently, the RTS 

methodology may not give accurate estimations on one-year values and there is room for 

interpretation on what to do.  
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Figure 14. Structured product valuation in the secondary market (Bouzoubaa & Osseiran, 

2010) 

 

In the case of capital protected notes, for example, if the underlying asset price is below the 

strike price at expiration, the product value is still 100% of notional. This is not the case at 

the end of year 1 for a multi-year product. To come up with values below 100% at year 1, 

the capital protection level should be discounted with the relevant risk-free rate. This does 

not result in perfectly accurate estimations of secondary market values as the option values 

depend on a variety of factors not included in RTS data inputs, but works as an estimate that 

is close enough for the purposes of the performance scenario figures which aim to present a 

rough and wide estimate on projected payoffs.  

 

As mentioned earlier, the bootstrap model works well when realized returns and volatilities 

remain similar in the future. Often enough, however, products are issued at a time where the 

underlying assets are expected to perform very differently to their recent past. In these 

situations, a more forward-looking model is supposed to create projections that are more in 

line with market expectations. The next chapter introduces the main theories and practical 

application of a forward-looking model that despite its previously mentioned issues 

regarding its suitability for regulative purposes, is tested against the RTS methodology on a 

set of test products to see their differences.   
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4  Alternative Simulation Methodology 

This chapter introduces the alternative calculation methodology for performing underlying 

equity performance simulations. First, the core concepts of the methodology are introduced 

on a theoretical level and in terms of their usage in predicting equity asset performance. After 

the theoretical review, the final model for calculating product performance figures is 

summarized in detail, including all the assumptions behind required data inputs and their 

reasonings. In addition, the dataset of products selected for testing the two calculation 

methodologies on is presented in further detail. 

 

4.1 Monte Carlo Method 

The Monte Carlo method can be described as a statistical technique where probabilistic 

problems can be solved by means of randomness. More specifically, through the process of 

repeated random sampling, probabilities of several alternative outcomes can be calculated. 

(Brandimarte, 2014) Monte Carlo methods invert the usual problem of statistics as instead 

of trying to estimate random quantities in a deterministic manner, random quantities are 

made to provide estimates of deterministic quantities. This makes Monte Carlo methods a 

powerful tool especially in the case of models with complex structures that cannot easily be 

dealt with using traditional techniques. (Johansen, 2010)  

 

A simple example of utilizing Monte Carlo is to consider rain that falls at random over a 

square and a circle inscribed within that square as seen in Figure 15. Counting the proportion 

of raindrops within the circle provides an estimate of pi without the need of working it out 

analytically with traditional calculation methods. (Johansen, 2010) Even though this 

example is rather simple and in normal circumstances not needed to find out the value of pi, 

it serves as a good illustration to the main concept: Monte Carlo methods can provide an 

approximate solution to a problem that might be too complicated to calculate. 
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Figure 15. Estimation of pi with Monte Carlo (Johansen, 2010) 

 

Monte Carlo methods can mathematically be described as follows. Let 𝐻 be a random 

variable such that 𝜇 = 𝐸[𝐻]. The corresponding Monte Carlo estimate is then given by 

𝜇̂ = ⁡
1

𝑛
∑𝐻𝑖

𝑛

𝑖=1

 

( 25 ) 

 

where 𝐻1, 𝐻2, … , 𝐻𝑛 are iid copies of 𝐻 and 𝑛 is the sample size. Monte Carlo’s key principle 

is in the law of large numbers. As the sample size 𝑛 is increased, the estimate 𝜇̂ is expected 

to get closer to the true value 𝜇, formulated as (Wang, 2012): 

 

𝜇̂ =
1

𝑛
(𝐻1 + 𝐻2 +⋯+𝐻𝑛) → 𝐸[𝐻] = ⁡𝜇 

( 26 ) 

 

In the context of the raindrop example, the estimate of pi is expected to get closer to the 

actual value of pi as the number of randomly distributed raindrops is increased.  
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Monte Carlo methods are often used in various domains such as physical sciences, 

engineering and finance (Kenton, 2023). In the field of finance, alongside portfolio 

valuations and sensitivity analyses of NPV and other financial models, Monte Carlo methods 

are commonly used in pricing options by simulating the values of underlying stocks 

(Brandimarte, 2014). Graft & Korn (2020) describe the process as “the use of suitably 

distributed random numbers to imitate the uncertainty inherent in the capital markets 

combined with a suitable transformation or discretization to either achieve or approximate 

the aimed distribution”. In this instance, the aimed distribution stands for the beforehand 

unknown probability distribution of the underlying equity performance.  

 

To be more specific, the Monte Carlo method enables simulating a possible price path for 

the underlying equity asset to a desired point in time, and if this process gets repeated 

thousands of times, the final result is a distribution of possible equity asset value 

developments. In the context of pricing options, these price developments would then be 

averaged and discounted to today to come up with a current option value, but as the point of 

interest here is to estimate structured product payoffs, these underlying asset values are 

simply translated to structured product payoffs through the relevant payoff functions and the 

final result is a distribution of product payoffs.  

 

The Monte Carlo method gives a general-level framework to how simulations are performed, 

but the way a single round of simulations is performed, i.e. what kind of calculations are 

made, depends on the use case. In the context of equity asset price simulations, a common 

practise is to use the Monte Carlo method in tandem with Geometric Brownian Motion 

which is said to capture the nature of equity asset price developments while  requiring only 

a few model inputs.   

 

4.2 Geometric Brownian Motion 

Geometric Brownian motion (GBM) is a mathematical model that has become widely used 

in predicting the future prices of equity assets (Agustini et al., 2018). This is because of its 
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ability to capture what is commonly considered an important aspect of the nature of equity 

price development which is called the random walk (Reddy & Clinton, 2016). The idea 

behind the concept of random walk is that at each time step the relevant entity is subject to 

random motions given the probability of moving a certain distance in a certain direction. In 

other words, the probability of different movements represents a certain component whereas 

what movement ends up taking place at each time step represents an uncertain component. 

 

In the context of stock price simulations, the certain component represents the idea that stock 

prices maintain a certain trend over a longer period of time which is also called the drift of 

the stock. On the other hand, the uncertain component is a stochastic process reflecting short 

term deviations from the drift and is impacted by the stock’s volatility and an element of 

randomness (Estember & Marana, 2016). This inflow of randomness is commonly known 

as a Wiener process (Deng et al., 2014). In mathematical terms, the proportional return of a 

stock can be presented as follows: 

 

𝑆𝑡+∆𝑡
𝑆𝑡

= 𝜇∆𝑡 + 𝜎𝜀√∆𝑡 

( 27 ) 

 

Where the first term represents the certain component with 𝜇 being the expected rate of 

return or drift of the stock and ∆𝑡 being the period of time between the stock prices in the 

beginning and the end. The second term represents the uncertain component where 𝜎 is the 

expected volatility of the stock and 𝜀√∆𝑡 is the random volatility which is magnified as the 

period of time increases. (Reddy & Clinton, 2016) 

 

Equation 27 must then be amended to incorporate GBM’s assumption of stock prices being 

log-normally distributed with a mean of the certain component and a standard deviation of 

the uncertain component. This results in the following equation: 
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ln (
𝑆𝑡+∆𝑡
𝑆𝑡

) = (𝜇 −
𝜎2

2
)∆𝑡 + 𝜎𝜀√∆𝑡 

( 28 ) 

 

Where the drift 𝜇 has been replaced with (𝜇 −
𝜎2

2
). Finally, this equation can be rearranged 

to come up with the final GBM formula for future stock value estimation (Estember & 

Marana, 2016): 

𝑆𝑡+∆𝑡 = 𝑆𝑡𝑒
(𝜇−

𝜎2

2
)∆𝑡+𝜎𝜀√∆𝑡

 

( 29 ) 

 

Where: 

𝑆𝑡+∆𝑡 = future stock value 

𝑆𝑡 = initial stock value 

𝜇 = drift or expected return 

𝜎 = expected volatility 

𝜀 = value from normal distribution 

 

In terms of model inputs, the main difference between GBM and bootstrapping is that where 

the bootstrap model takes in fewer variables, mainly a time series of spot prices, GBM is 

based on singular numbers that remain constant while randomness is captured from a normal 

distribution. GBM can be history-based similarly to bootstrapping if a decision is made to 

calculate the drift and volatility based on a specific time period in the past. But, if the desire 

is to turn the model into a forward-looking version, these values must be derived from market 

assumptions. There are various ways to do this, but perhaps the most commonly known ways 

are to derive the drift from what is called a Capital Asset Pricing Model (CAPM), and in the 

place of expected volatility, input what is known as implied volatility which is derived from 

the Black-Scholes model that is commonly used in option pricing. This is also the case in 
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the GBM model used in this thesis and is explained in more detail in the following 

subchapter. 

 

GBM in general is a popular model in stock price prediction as it is one of the best in 

combining simplicity and reasonable accuracy (Agustini et al., 2018). There are more 

sophisticated models that are similar to GBM, but do not make the assumption that the model 

parameters stay constant throughout the simulated time period. In the world of option 

pricing, the regular Black-Scholes model assumes volatility to stay constant whereas 

stochastic volatility models such as the Heston model or local volatility models assume 

volatility to correlate with the asset price level and thus changing from one time period to 

the next (Bergomi, 2015). These models are commonly used especially in pricing exotic 

options (Bouzoubaa & Osseiran, 2010), but implementing the same principles to a product 

payoff simulation model would result in a significant increase in model complexity. As the 

objective is to explore whether an alternative simulation model would reduce the number of 

problematic cases inherent in the bootstrap model, not to find the most accurate model 

possible, the prioritization is on simplicity and a regular GBM model is chosen for 

comparison against the bootstrap.      

 

4.3 Model Implementation 

The forward-looking GBM model takes in variables that are calculated and based on a few 

factors observable in the market. First is the drift or expected rate of return denoted by 𝜇. 

Drift can be estimated with a wide range of methods from simply applying past performance 

to detailed equity research models that consider a stock’s statistical data and reflect that to 

recent market activities. CAPM is a popular model due to its simplicity, easy data access to 

the relevant parameters, and its ability to reflect the relationship between additional risk and 

expected return. The idea of the model is that the expected return of an asset is composed of 

the risk-free rate and an additional market risk premium of its domestic market which the 

investor is willing to take on in exchange to higher expected returns (Pilbeam, 2018). The 

market risk premium which is equal to the total expected return of the market reduced by the 
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risk-free rate is then adjusted by a measure of the asset’s systematic risk against the market 

called beta to come up with the expected return of the asset itself (Reddy & Clinton, 2016).   

 

The risk-free rate and market risk premia estimates used in this thesis are taken from 

Bloomberg where the risk-free rate is calculated by using the yield on appropriate 

government bonds as they are considered the least risky investments whereas the market risk 

premium is calculated using consensus projected growth rates of the relevant market. The 

betas are also taken from Bloomberg and are based on the assets’ historical volatilities in 

comparison to their markets over the preceding two years from the issue date of the product 

that uses the asset as an underlying.       

 

The CAPM formula is as follows (Reddy & Clinton, 2016): 

𝜇 = 𝑟𝑓 + 𝛽𝑚(𝑟𝑚 − 𝑟𝑓) 

( 30 ) 

Where: 

𝑟𝑓 = the risk-free rate 

𝛽𝑚 = beta of equity against the market 

𝑟𝑚 = expected return of the market portfolio 

 

The model’s volatility parameter is implemented by taking an asset’s implied volatility at 

the time of product issuance. Bloomberg also has historical time series data on implied 

volatilities for most assets that are traded frequently which have been used for this model, 

and those values have been calculated by taking the market price of an option that has the 

asset as an underlying, adding it to the Black-Scholes formula and solving for the volatility 

value (Deng et al., 2014). The Black-Scholes formula for a European call option is as follows 

(Pilbeam, 2018): 
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𝐶 = 𝑆𝑁(𝑑1) − 𝐾𝑒
−𝑟𝑡𝑁(𝑑2) 

( 31 ) 

 

where: 

𝑑1 =
ln(

𝑆

𝐾
)+(𝑟+

𝜎2

2
)𝑡

𝜎√𝑡
  and 𝑑2 = 𝑑1 − 𝜎√𝑡 

C = call option price 

S = current underlying price 

K = strike price 

r = risk-free interest rate 

t = time to maturity 

N = normal distribution 

 

For multi-asset products, one must consider asset correlation which is a measure of how the 

underlying asset prices move relative to one another. Assets that tend to simultaneously 

move in the same direction are considered positively correlated and negative correlation 

implies that assets are moving in opposite directions. Zero correlation means that the asset 

prices in question do not show any relationship to one another. (Pilbeam, 2018) Simulating 

each underlying asset separately and thus ignoring correlation would result in a GBM model 

that fails to capture an important aspect of how the value of a basket of securities tends to 

develop. For example, in the case of a four-name worst-of autocallable, the impact on 

simulation results would be significant as the product payoff is contingent on the worst 

performing asset. When correlation is ignored or assumed to be zero despite it being positive, 

it is very probable that one of the four assets will perform badly in a given round of 

simulations, leading to significantly fewer profitable scenarios than would be accurate.  

 

As the RTS mandates that each random selection of a date from the historical sample is taken 

for all underlying assets simultaneously, the bootstrap model automatically captures asset 
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correlation. In the case of GBM, additional calculations are required to come up with model 

adjustments. Adjusting the GBM model to account for correlation is started by the creation 

of a matrix consisting of correlation coefficients between each pair of underlying assets. 

Correlation coefficients can be calculated with the Pearson Coefficient formula which goes 

as follows (Pilbeam, 2018): 

𝜌 =
𝑛(∑𝑥𝑦) − (∑𝑥)(∑𝑦)

√[𝑛 ∑𝑥2 − (∑𝑥)2][𝑛 ∑𝑦2 − (∑𝑦)2]
 

( 32 ) 

where: 

𝑥 and 𝑦 represent the time series of the two asset prices 

n = number of price pairs 

 

The resulting correlation matrix is then taken through a mathematical process called the 

Cholesky decomposition where a definite symmetric matrix is factorized into a lower and an 

upper triangular matrix. This can be denoted by 

𝐴 = 𝑃𝑇𝑃 

( 33 ) 

 

where A is the symmetric matrix, i.e. the asset correlation matrix, P is the upper triangular 

matrix and 𝑃𝑇is its transpose. When P is multiplied with a vector of uncorrelated random 

numbers, one comes up with a set of randomly generated numbers that are accordingly 

correlated. (Burgess, 2022) As a result, each simulated asset is fed with an inflow of 

randomness through the Wiener process that is now adjusted according to asset correlations 

instead of random selections from a normal distribution. In other words, the stocks or indices 

in a basket are simulated with GBM formulas where the variables denoted by 𝜀 are no longer 

simple randomly picked values but randomly picked values that are correlated accordingly. 

Many programming languages have the Cholesky decomposition as a built-in function where 

one can simply input the correlation matrix and get the relevant triangular matrix as an 

output. This has also been utilized in the GBM simulation code of this thesis. 
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After these implementations, the product performance simulations are ready to be made. For 

the sake of comparability, the alternative methodology is the same to the RTS methodology 

in every other way except for the underlying asset’s price path simulations. That means that 

risk categorization with the SRI is kept the same as well as the relevant scenario points in 

product payoff distributions and the number of simulations at 10,000. In terms of stress 

scenarios for the GBM model, the expected return or drift for each asset has been amended 

to match realized returns from the 2008-2009 financial crisis, as the point of the stress 

scenario is to display potential returns in crisis situations. This drift specific to the stress 

scenario is dependent on the given asset’s domestic market returns as is the case in the 

regular drift estimation. One-year scenario values are also estimated the same way in both 

models. However, due to the possibility of making different interpretations in terms of the 

one-year calculation methodology and the lack of easily accessible secondary market price 

data for the products, the main focus of the results section of this thesis is on the two models’ 

suggestions on the RHP scenarios, SRIs, and probabilities of making a profit with the 

products if held until maturity.  

   

4.4 Product Dataset 

The set of products on which the two calculation methodologies are tested consists of sixty 

structured products issued between 2016 and 2023 for Nordic markets either in Scandinavian 

currencies, euros or US dollars. The set has been divided into three equally large subsets 

with twenty products in each. These subsets are 1) capital protected notes, 2) participation 

notes and 3) autocallable notes. Each subset has five products issued after 2020 that have 

not matured by the time of writing this thesis in addition to fifteen products that have matured 

and were issued between 2016 and 2020. The idea behind this is to see whether the effects 

of volatile market periods between 2020 and 2022 are noticeable in the results; whether it is 

in realized returns for products issued in the 2010s or in the scenario simulations for products 

issued in the 2020s. 
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The underlying assets used in the products consist of stocks and indices mostly from Nordic 

countries, Western Europe and North America in addition to East Asian stocks that are 

present in three capital protected notes. Twenty-nine out of sixty products are single-asset 

products. Concerning autocallable notes, eight products are single-asset autocallables and 

twelve are worst-of autocallables.  

 

In terms of product RHPs, capital protected notes have an average length of 4.6 years, 

participation notes 3.5 years, and autocallables 3.7 years. The realized product payoffs range 

from 41% to 217% of product issue price. Appendix 1 presents further details of various 

product features and Appendix 2 lists out the underlying equity assets.   
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5  Results 

This chapter presents the simulation results from the two methodologies under comparison. 

First, the effects of the methodologies are evaluated in terms of risk and profitability by 

comparing their differences in SRIs, performance scenarios, and probabilities of turning a 

profit. Afterwards, these results are evaluated against realized payoffs for those products that 

have matured by the time of writing.   

 

5.1 Methodologies’ Suggestions on Risk and Profitability 

When taking a closer look at the formulas used in calculating underlying asset values and 

product payoffs, the two methodologies work very similarly. Even though the formulas are 

constructed with slight differences, both of them are based on having a long-term drift 

component that is adjusted with the volatility parameter, which is then fed with short term 

random deviations. The difference between the two is that where the RTS methodology uses 

the historical sample to calculate the volatility and drift parameters as well as pick the inter-

day deviations, the GBM methodology uses implied volatilities, expected asset returns and 

random selections from a normal distribution, respectively. Ultimately, these are the inputs 

that cause the differences in results.   

 

The differences in results from the two methodologies vary quite visibly depending on 

product categories and components. The first thing to note is that the current RTS 

methodology projects negative returns in a moderate scenario for 11 out of 60 test products 

whereas the GBM methodology suggests zero products to do the same. This is a stark 

difference, and it reflects the difference between market sentiments and historical 

performances. Out of the 11 products showing negative returns, three are in the group of 

products that have not yet matured, six are participation notes, three are autocallables, and 

two are capital protected notes issued above par, i.e. above 100%. This distribution between 

the three product categories makes sense as participation notes have more downside 
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exposure on average to the other categories as the only way capital protected notes can yield 

negative returns is if they have been issued above par and all autocallables studied in this 

thesis have risk barriers that provide soft capital protection. In addition, the RTS shows 

negative returns even in the favorable scenario for three products, all of which ended up 

making a profit. 

 

An interesting thing to note is that the presence of a barrier is the key determinant in whether 

the SRI changes significantly between the two methodologies or not. For example, 

participation note PN16 gets an SRI of 1 from the RTS and a 3 from GBM even though their 

underlying asset values at the SRI scenario are close together at 76% and 71%, respectively, 

after five years. However, the product has a barrier set at 75%, causing the RTS value to 

jump up to 100% product payoff whereas the GBM stays at 71%, causing the two-integer 

difference in SRIs. Figure 16 below illustrates the different price paths. 

 

 

Figure 16. Final stages of underlying asset price paths in SRI scenarios 

  

Adversely, capital protected notes remove the differences that would be there in underlying 

asset values. For example, product CP7 has the underlying baskets performing at 48% and 

89% for RTS and GBM respectively. The product payoff, however, ends up being 100% for 

both which is adjusted to 91% due to the product having being issued at 110%, causing both 
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products to have an SRI of 2. The given methodology makes no difference to SRIs of capital 

protected notes as they are equal on all products, and the only contributing factor is whether 

the products have been issued above par or not. Products issued at par get an SRI of 1 and 

products issued above par get an SRI of 2. Table 19 showcases the methodologies’ impacts 

on mean SRIs. 

 

Table 19. Mean SRI values per product category  

 RTS GBM 

Capital protected notes 1.7 1.7 

Participation notes 4.0 3.8 

- Without a barrier 4.5 4.4 

- With a barrier 3.1 2.7 

Autocallable notes 5.6 4.2 

 

Generally, the RTS gives out higher SRIs to the products, but this is not systematic as four 

products get a lower SRI than they do from GBM, although three of them only with a 

difference of one with one participation note with a barrier getting a 1 from RTS and 3 from 

GBM. On the other hand, the GBM methodology gives out a lower SRI to 14 products with 

ten of them being autocallables. Moreover, all of these ten products are already matured 

autocallables with live ones all being given a 6 from both models. Three autocallables have 

been given an SRI of 1 which typically is not seen with any other product types except capital 

protected notes. On the other hand, these particular products ended up turning a profit, have 

underlying assets with relatively low volatility and extra safe barrier levels (call and coupon 

barriers between 80% and 90%, and a risk barrier at 60%).  

 

Lower SRIs in general can have a marketing impact as some investors might avoid products 

with high SRIs, ultimately leading to a potentially broader client base for autocallable notes. 

The fact that the GBM model gives out such low SRIs can be problematic, however, as 

marketing products without capital protection at an SRI of 1 can have very bad consequences 

in case the products end up losing money, and clients are likely to complain. In general, 

many issuers might want to avoid giving low SRIs for certain types of products such as 
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autocallables and the current RTS does allow manufacturers to manually adjust the SRIs to 

a higher level if desired. This might be advisable in this case as well even though all of the 

low scoring autocallables ended up outperforming their SRI scenarios. 

 

In terms of profitability, the GBM is slightly more bullish to the RTS which is to be expected 

since it has no moderate scenarios, which represent the median of simulated payoff 

distributions, with negative returns. The opposite problem that has been perceived with the 

RTS, which is the overly optimistic scenarios for assets with steady growth in the past, is 

not as present as the overly pessimistic scenarios: the RTS shows five products to have 

positive underlying performance in an unfavorable scenario whereas GBM has four of them. 

One can argue whether this is a problem anyway as four out of the five products did end up 

with positive underlying performance. 

 

Autocallable notes are a clear outlier in RTS payoff projections where moderate scenarios 

create very modest returns and unfavorable scenarios create significant losses. The 

distribution is widened when moving from single assets to worst-of autocallables. All in all, 

GBM is slightly more bullish while the distribution widths are very close in size.  

 

Table 20. Mean projected payoffs at RHP 

 Stress Unfavorable Moderate Favorable 

 RTS GBM RTS GBM RTS GBM RTS GBM 

Capital protected notes 94% 94% 96% 96% 129% 127% 188% 182% 

Participation notes 51% 25% 71% 76% 136% 154% 217% 235% 

Autocallable notes 19% 20% 38% 76% 101% 115% 125% 133% 

     Single asset 23% 23% 44% 65% 98% 114% 122% 127% 

     Worst-of 16% 14% 34% 84% 104% 116% 127% 136% 

Total 55% 45% 68% 83% 122% 134% 177% 193% 
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5.2 Benchmarking Simulations against Historical Payoffs 

Out of the 60 test products, 45 have already matured by the time of writing and their 

simulation results are benchmarked against realized payoffs of the give products. When it 

comes to the models’ ability to capture real-world events, there are two things that should 

be highlighted. The first one is that as the unfavorable scenario and favorable scenario 

represent the 10th and 90th percentile points of the simulated payoff distributions, one can 

assume that with a large enough sample size that is not biased, realized payoffs are supposed 

to end up between these two scenario values 80% of the time, assuming that the model works 

as intended. The second thing to remember is that with both models, the higher the volatility 

of the underlying assets, the wider the projected payoff distributions end up being. This, of 

course, is by design and it enables the scenario tables to serve their purpose which is to show 

the estimated range of potential outcomes. The higher the volatility of the assets, the higher 

the unpredictability of their performance is, which results in a wider gap between the two 

scenarios to keep capturing 80% of payoffs. 

 

Both the RTS and the GBM methodologies have at least 80% of product payoffs fall in 

between the unfavorable and favorable scenarios. The same stands when the product set is 

divided into the three product categories. Obviously in the case of capital protected notes, 

the only way for a payoff value to fall outside the 80% spread is for it to have outperformed 

the favorable scenario or for the calculations to show a profitable unfavorable scenario. Both 

models suggest some profits in two unfavorable scenarios for capital protected products. 

With the RTS, both values were still lower than the realized payoffs, but with the GBM, one 

was overly optimistic. Of course with capital protected products, the error is still very limited 

and the payoff was still captured by the stress scenario at capital protection level.  

 

In terms of participation notes, three products fell out of the 80% spread for RTS and one 

for GBM. The RTS missed out badly on the top performing participation note that matured 

at 211% where the RTS showed a favorable scenario at 79%. GBM on the other hand showed 

another product to have profits in an unfavorable scenario that matured at 100% thanks to a 

barrier. Both the RTS and GBM had the same three autocallable notes fall out of the spread 
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as the products in question remained under the call and coupon barriers for a few years before 

expiring at high values thanks to their memory coupon features. These are very specific 

scenarios that are to be expected to happen less than 10% of the time and thus not being 

captured by the unfavorable-favorable spread. Table 21 illustrates the proportions of product 

payoffs falling inside this spread. 

 

Table 21. Proportions of realized payoffs inside the spread  

 RTS GBM 

Capital protected notes 15/15 = 100% 14/15 = 93% 

Participation notes 12/15 = 80% 14/15 = 93% 

Autocallable notes 12/15 = 80% 12/15 = 80% 

Total 39/45 = 87% 40/45 = 89% 

    

 

An important thing to note is that even if less than 80% of realized payoffs fell inside the 

spread, this is in no way a proof of the models not working as intended as there is a possibility 

of sample bias where the set of matured products could have an overabundance of assets the 

price development of which has been abnormal. There is no proof that the set of test products 

of this thesis represent the overall structured product market by any means. That being said, 

as one can see from Table 21, the models are around the 80% mark across the product 

categories at least with this test product sample. When it comes to the stress scenario, none 

of the realized product payoffs had it being the closest scenario, which speaks volumes about 

how fast markets have recovered from crashes in the recent years. With an otherwise well 

performing underlying asset, the timing of a crash would have to be very unfortunate and 

close to the product’s maturity date for the product payoff to end up reflecting the stress 

scenario. 

 

Coming back to the earlier point regarding the RTS showing negative returns on 11 products, 

eight of them are shown for products that have matured. Out of these eight products, six of 

them ended up making profits, one performed even worse than the unfavorable scenario and 

one ended up being between the moderate and favorable scenarios. The three products that 
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the RTS projected to lose money in the favorable scenario all made profits with an average 

final payoff of 165%. This means that it was some of the more profitable products that the 

RTS was projecting to perform the worst. This once again reflects on the methodology’s 

weakness of not taking directional turns in underlying asset drifts into account. It is often 

assets that have bottomed out that tend to generate high returns later on. 

 

Mean Absolute Percentage Error (MAPE) is a statistical measure that is typically more 

fitting for analyzing regressions, but in this instance it could still be used to showcase how 

far off the moderate scenario values for both methodologies ended up being from realized 

payoffs. The moderate scenario values get MAPEs of 39.21% and 33.15% for the RTS and 

GBM respectively. Both of these figures indicate high levels of inaccuracy which is to be 

expected as the products in question are multiple years long and single price paths being 

consistently accurate over multi-year periods would be revolutionary and the models are not 

intended to be as accurate as possible but rather show a broad distribution of potential 

outcomes instead. These values still reflect how the RTS moderate scenario values fall 

further from realized payoffs on average and as simultaneously the models are close together 

in terms of distribution widths and numbers of realized payoffs within the 80% spread, and 

the GBM model has removed the issue of negative performance on moderate and favorable 

scenarios without adding some other significant issues, one could argue that it is a slight 

improvement over the current RTS in the context of these case products.    
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6  Discussion 

This chapter contains discussions on the results and the thesis as a whole. The findings of 

the thesis are first summarized and various aspects that could be impacting the results are 

discussed. The second part of the chapter focuses on limitations of the study and how it could 

be expanded or used for further studying.  

 

6.1 Summary of Findings 

All in all, the empirical results of this thesis would suggest that a forward-looking model 

based on Geometric Brownian Motion, as well as option prices and market performance 

expectations at the time of issuance, mostly fixes the main problem areas associated with the 

bootstrap-based current RTS. The payoff projections in the scenario table become more 

stable with the moderate and unfavorable scenario payoffs typically being on opposite sides 

of the issue price, meaning that the moderate scenario typically projects moderate profits 

and the unfavorable scenario various levels of losses. This is more in line with expected 

market and underlying asset performance that is more likely to generate moderate returns in 

the medium-long term while still having the possibility of generating losses or high returns.  

 

This of course is not always the case. The ultimate goal of the calculation methodology 

should not be to generate this sort of a table every single time no matter what the product 

structure or underlying asset is. For example, in case of a product with a highly leveraged 

underlying asset that is expected to perform poorly, a favorable scenario with high returns 

and large losses in others is exactly what the calculation output should be. These kinds of 

products, however, are not present in the test product set of this thesis. Instead, they all have 

been created on the basis of them being expected to be more likely to generate profits than 

losses. Some issuers might entirely avoid issuing products with underlying assets that have 

been given a “sell” order (as opposed to “buy” or ”hold”) from equity researchers. 

Nevertheless, it is important to note that depending on the set of test products, the number 
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of payoff projections with losses in the moderate scenario may not be the right measure of 

what counts as a good model. 

 

In this instance, one can argue that it is an appropriate measure, and in addition to slight 

improvements in terms of MAPE against realized product payoffs and a lack of clear 

understatements or overstatements of risk levels, the GBM-based methodology is an 

improvement over the bootstrap according to these test products. However, there is not 

enough evidence to suggest that the GBM methodology is objectively better and should 

replace the current RTS in the KIDs for PRIIPs regulation. As the set of test products consist 

of three product categories from a single issuer, the number of various types of products with 

various underlying assets not explored in this thesis is massive.  

 

In addition to what is mentioned above, the scope of this thesis and the size of the test product 

set might have another effect on results. As the sample size of products is 60 with three 

distinct product categories and high degrees of customization from one product to the next 

even within these subcategories of 20 products, it is very possible that there are some sample 

biases. More specifically, even though all products were tested on both methodologies, there 

is no proof that the differences in payoff projections and SRIs is purely caused by the 

inherent natures of the two methodologies. Assuming that different underlying assets that 

had significantly different volatility and drift parameters to the ones studied in this thesis 

had been used, perhaps the GBM would have shown some losses in moderate scenarios as 

well. Or, perhaps the used product sample has an overabundance of underlying assets with 

historical prices that expose the weaknesses of the RTS. The product set for this thesis was 

chosen randomly from a larger set of products that met the qualifying criteria, but it is 

possible that there is some unintended selection bias even in the context of Nordea’s 

products, especially at samples of this size. 

 

Nevertheless, in the context of the selected test products, the GBM methodology removes 

the main sources of confusion from the RTS while also not adding some new clearly visible 

payoff projection issues. This alone can be enough to deem the GBM methodology better 

than the RTS. A lot depends on what the investors and regulators would exactly prefer to get 
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out of these performance figures. Is the main objective of these tables to give an opinionated 

estimate on a product’s ability to generate returns or to show a range of potential outcomes? 

With the latter, the best solution could be to simply show various product payoff levels 

depending on underlying asset performance and not do any simulations at all. This would be 

a very objective view and would not take much away from KIDs if the scenario tables cannot 

be used for sound investment decisions anyway. In the RTS’s defence, the KIDs already 

mention that the scenario tables are based on historical data and that they are there to provide 

some historical context to potential product performance, but are not meant to be an accurate 

estimate of future performance. The problem is that many investors and stakeholders seem 

to take it that way regardless of this message which means that there could be demand for 

more forward-looking calculations. 

 

Having all this in mind, an alternative calculation methodology would have to be such an 

obvious improvement over the current RTS that it would compensate for all the 

consequences it would cause. Even if more evidence of a forward-looking model’s 

superiority were to arise, replacing the current RTS with it would entail large implementation 

costs as various data models and KID generation engines would have to be revamped almost 

entirely. Moreover, the new figures would be based on current market observables which 

can fluctuate significantly, potentially leading to significantly different scenario values from 

one time period to the next, and are prone to manipulation whereas a history-based model 

does not have these undesired consequences. It is easier to monitor as the scenario values 

lead to a very specific set of data inputs that cannot be chosen or manipulated. All this being 

said in addition to the number of things various stakeholders would first have to agree on, 

implementing a new methodology over the current RTS does not seem likely at this point.  

 

6.2 Thesis Limitations and Recommendations for Future Studies 

The main limitations of this thesis can mostly be said to be coming from the chosen sample 

of test products. The size and high degree of product customization of the sample creates 

hard limits on what kinds of conclusions can and should be taken from the empirical results. 

In the end, there are simply too many variables in the products to clearly determine whether 
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the two methodologies systematically create certain kinds of results for products issued in a 

given year, or with given underlying assets, or with a given number of underlying assets. In 

terms of timing and workload, a larger sample would not have been feasible. 

 

In addition, the scope being limited to Nordea’s products limits the conclusions that can be 

taken from the thesis. There is a limited set of underlying assets and product specifications 

that can be used and these can be very different with other product issuers. The chosen 

products had to be from product categories with numerous issuances both currently and in 

the past. Many other structures could have been explored, but either they would not have 

been as interesting for Nordea or there would not have been enough matured test cases to 

make comparisons against realized payoffs. 

 

In a general sense, to get a more comprehensive picture of the differences between the two 

methodologies and their accuracies, more testing must be done. More specifically, the 

number of test products in each product structure with each specification, in each time 

period, in each equity asset category in terms of location and business sector, must be 

increased. As PRIIPs do not comprise of structured notes alone, the effects on other PRIIPs 

should be explored as well. For example, highly leveraged products such as warrants and 

certificates would make up a very interesting set of products to experiment with. 

 

Other aspects of RTS could be studied further as well. Is the current SRI setup appropriate? 

After all, it is derived from a single price path instead of making comparisons between larger 

sections of simulated payoff distributions. Perhaps there are some products that 

systematically seem too risky or not risky enough under the current SRI framework, or it 

could be rare enough for it not to be worthy of making amendments to the current setup. 

Also, the marketing impact of different KID standards could be explored. Would investors 

find it more valuable to have the scenario tables provide an estimate based on market 

sentiment or more of a historical context and what would the effect on investor confidence 

and other factors be with each methodology variation? A solution that would maximize this 

without creating other issues would be in the best interest of investors, regulators, and any 
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sell side organization that prioritizes transparency and ethics in their selling practices over 

generating high levels of fee income regardless of the kinds of products being sold.      
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7  Conclusions 

The main objective of this thesis was to introduce an alternative approach to regulatory 

standards for simulating structured product performance and test the two methodologies on 

a set of products issued by Nordea. The motivation for doing this goes back to often receiving 

questions from investors and stakeholders regarding some of the figures presented in KIDs, 

the reasoning behind them, and what kinds of conclusions can be drawn from them. This 

would imply that the current calculation methodology is making the “KIDs for PRIIPs” 

regulation fall short on its main objectives such as increasing retail investors’ product 

knowledge and confidence. In other words, it could be said that the performance figures 

generate more questions than what they provide answers to. 

 

The current methodology’s main weakness is related to its replication of past performance 

into the future; previously poorly performing assets receive projections that are perceived as 

overly pessimistic and well performing assets overly optimistic projections. The alternative 

methodology introduces a more forward-looking approach that takes current market 

sentiment into account, enabling the possibility of directional turns in underlying asset 

values. The theoretical review of the two methodologies in addition to relevant structured 

product features enables simulating the performance of a set of test products, which forms 

the empirical part of the study. 

 

Let us come back to the two research questions which were: 

1. What impact does the change in calculation methodology have on performance 

figures and risk assessments of structured products issued by the case company? 

2. How do implied product payoffs of the two methodologies compare to realized 

product payoffs? 

 

The answer to Question 1 is that empirical results show that the case products can have 

noticeably different projections depending on the given methodology. Even though neither 
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methodology yields systematically higher or lower payoff projections across product 

categories, the alternative approach reflects investors’ understanding and nature of equity 

markets and the case products better with moderate scenarios yielding moderate levels of 

profit instead of significant losses. In terms of Question 2, both methodologies work as 

intended on the case products as both methodologies generate broad distributions of implied 

product payoffs, and the 80% spread between unfavorable and favorable scenarios captures 

realized payoffs close to the implied rate. That being said, the GBM methodology shows 

small improvements in accuracy without adding new weaknesses that are more significant. 

These factors together lead to a situation where the alternative approach can be argued to be 

an improvement over the current methodology in the eyes of investors and sales side 

personnel. 

 

However, this research has been conducted on a relatively small sample size from a single 

case company’s products. Even if a change in methodology could be welcomed in this 

instance, an actual change in regulation requires a substantial amount of further evidence of 

improved results from other product categories, product issuers, and time periods. Moreover, 

these improvements would have to compensate for additional model complexity, 

implementation costs, and subjectivity in contents of KIDs. All in all, the desired outcome 

of the thesis never was to start a revolution, but rather serve as a basis for further research 

and discussions on the topic by means of presenting empirical evidence on what could 

change and by how much in an environment with different calculation standards.      
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Appendix 1. Test Product Set 

 

Capital protected notes 

Product 

# 

Currency Issuance Term 

(years) 

Issue 

price 

(%) 

Capital 

protection 

(%) 

Participation 

ratio (%) 

Cap 

(%) 

Valuation Product 

payoff 

(%) 

CP1 SEK 2023 5 110 100 145 - Asian out 

monthly 

(last year) 

 

CP2 EUR 2023 5 100 100 100 135 Single  

CP3 USD 2023 4 110 100 117 - Single  

CP4 EUR 2022 5 100 100 100 - Asian out 

monthly 

(last year) 

 

CP5 NOK 2022 5 100 100 114 140 Single  

CP6 EUR 2017 5 110 100 105 - Asian out 

monthly 

(last year) 

128.85 

CP7 SEK 2017 6 110 100 125 140 Asian out 

monthly 

(last year) 

100.00 

CP8 SEK 2017 3 110 100 120 125 Asian out 

monthly 

(last year) 

100.00 

CP9 SEK 2017 5 110 100 100 - Asian out 

monthly 

(last year) 

132.26 

CP10 SEK 2016 6 110 100 110 - Asian out 

monthly 

(last year) 

122.46 

CP11 SEK 2016 3 110 100 130 130 Single 133.30 

CP12 SEK 2016 3 110 100 120 130 Asian out 

monthly 

(last six 

months) 

106.24 

CP13 EUR 2016 3 100 90 45 120 Single 100.51 

CP14 USD 2016 5 100 100 80 - Single 124.00 

CP15 NOK 2016 5 100 100 70 130 Single 100.00 

CP16 USD 2016 6 100 100 115 - Asian out 

semi-

annually 

133.80 

CP17 EUR 2016 6 110 100 115 - Asian out 

semi-

annually 

125.59 

CP18 EUR 2016 6 110 100 130 - Asian out 

semi-

annually 

147.02 

CP19 SEK 2016 3 110 100 110 - Asian out 

monthly 

(last year) 

113.72 

CP20 SEK 2016 3 110 100 130 - Asian out 

monthly 

(last year) 

107.09 
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Participation notes 

Product 

# 

Currency Issuance Term 

(years) 

Issue 

price 

(%) 

Participation 

ratio (%) 

Cap (%) Barrier 

(%) 

Valuation Product 

payoff 

(%) 

PN1 EUR 2023 2 100 260 120 - Single  

PN2 EUR 2022 3 100 200 - - Single  

PN3 EUR 2022 3 100 120 - - Single  

PN4 SEK 2021 5 100 153 - 90 Single  

PN5 SEK 2020 5 100 150 - 75 Single  

PN6 EUR 2020 3 100 230 - - Single 40.63 

PN7 EUR 2020 3 100 120 - 80 Single 108.21 

PN8 EUR 2020 3 100 300 - - Single 211.05 

PN9 EUR 2019 3 100 213 - - Single 100.10 

PN10 EUR 2019 3 100 307 120 - Single 100.14 

PN11 EUR 2019 2 100 230 125 - Single 139.36 

PN12 EUR 2018 3 100 310 130 - Single 83.00 

PN13 NOK 2017 5 100 192 - 70 Single 107.32 

PN14 NOK 2017 5 100 180 - 70 Single 100.00 

PN15 EUR 2017 3 102 250 125 - Single 115.03 

PN16 SEK 2016 5 100 130 - 75 Single 142.91 

PN17 NOK 2016 5 100 180 - - Single 117.22 

PN18 EUR 2016 3 102 295 125 - Single 147.35 

PN19 EUR 2016 3 102 274 125 - Single 124.74 

PN20 SEK 2016 3 100 180 120 75 Single 100.00 

 

 

Autocallable notes 

Product 

# 

Currency Issuance Term 

(years) 

Issue 

price 

(%) 

Call barrier 

(%) 

Coupon 

barrier 

(%) 

Risk 

barrier 

(%) 

Single / 

worst-of 

AC1 EUR 2023 3 100 100 50 50 Worst-of 

AC2 EUR 2023 3 100 100 50 50 Worst-of 

AC3 EUR 2022 3 100 100 100 60 Single 

AC4 SEK 2022 5 100 100 75 50 Worst-of 

AC5 EUR 2022 3 100 100 100 70 Single 

AC6 EUR 2020 3 100 100 100 70 Single 

AC7 EUR 2019 3 100 100 70 70 Worst-of 

AC8 EUR 2019 3 100 105.46 105.46 80.05 Single 

AC9 EUR 2018 5 100 100 70 70 Worst-of 

AC10 EUR 2018 3 100 105.61 105.61 80.27 Single 

AC11 EUR 2018 3 100 109.66 109.66 73.10 Single 

AC12 SEK 2018 5 100 80 80 50 Worst-of 

AC13 SEK 2018 5 100 80 80 60 Worst-of 

AC14 EUR 2017 5 100 100 100 60 Worst-of 

AC15 EUR 2017 3 102 100 100 80 Single 

AC16 EUR 2017 3 102 100 100 80 Single 

AC17 EUR 2017 5 100 90 90 60 Worst-of 

AC18 NOK 2017 4 100 90 70 70 Worst-of 

AC19 SEK 2016 5 100 90 80 60 Worst-of 

AC20 NOK 2016 4 100 90 70 70 Worst-of 

 

Product 

# 

Coupon 

(%) 

Coupon 

frequency 

Coupon 

type 

Coupons 

paid 

Autocall event (years 

from issuance) 

Product 

payoff (%) 

AC1 9.00 Semiannual Memory    

AC2 6.00 Semiannual Memory    

AC3 10.00 Semiannual Memory    

AC4 14.00 Annual Memory    

AC5 6.00 Semiannual Memory    
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AC6 4.50 Semiannual Memory 2 1 109.00 

AC7 5.75 Semiannual Memory 3 1.5 117.25 

AC8 7.00 Semiannual Memory 0 - 100.00 

AC9 14.14 Annual Flat 2 2 128.28 

AC10 7.90 Semiannual Memory 0 - 100.00 

AC11 10.20 Semiannual Memory 5 2.5 151.00 

AC12 12.55 Annual Memory 1 1 112.55 

AC13 11.50 Annual Memory 4 4 146.00 

AC14 13.00 Semiannual Memory 9 4.5 217.00 

AC15 14.70 Annual Memory 0 - 46.24 

AC16 9.75 Annual Memory 0 - 100.00 

AC17 9.00 Annual Memory 1 1 109.00 

AC18 2.92 Quarterly Flat 1 - 57.95 

AC19 11.00 Semiannual Flat 3 - 91.85 

AC20 3.80 Quarterly Flat 5 1.25 119.00 
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Appendix 2. Underlying Assets 

 

Asset ticker Asset name Used in 

products 

Asset ticker Asset name Used in 

products 

11 HK Equity Hang Seng Bank CP10, CP20 MRK UN Equity Merck & Co CP5, CP8, CP16 

1398 HK Equity Industrial and 

Commercial 

Bank of China 

CP10 NESN SE 

Equity 

Nestle CP6, CP20 

16 HK Equity Sun Hung Kai 

Properties 

CP10 NESTE FH 

Equity 

Neste AC5 

2 HK Equity CLP Holdings CP10 NFLX UQ 

Equity 

Netflix PN3 

2330 TT Equity Taiwan 

Semiconductor 

CP10 NOKIA FH 

Equity 

Nokia AC10, AC13 

2388 HK Equity Bank of China 

(Hong Kong) 

CP10 NOVN SE 

Equity 

Novartis CP5, CP16 

3988 HK Equity Bank of China CP10 NOVOB DC 

Equity 

Novo Nordisk CP5, CP16, 

CP18, PN4, 

AC12 

939 HK Equity China 

Construction 

Bank 

CP10 NVDA US 

Equity 

NVIDIA PN3 

ABB SS Equity ABB CP6, CP9, 

CP11, AC4, 

AC9 

OMX Index OMXS30 Index CP1, PN15, 

PN18 

AD NA Equity Koninklijke 

Ahold Delhaize 

N 

CP6 ORA FP Equity Orange CP7, AC19 

ADS GY Equity Adidas CP13 OUT1V FH 

Equity 

Outokumpu PN11 

ALV GY Equity Allianz CP13, CP19, 

CP20 

OXY UN Equity Occidental 

Petroleum 

CP8 

AMZN UW 

Equity 

Amazon.com PN3, AC2 PEP UQ Equity PepsiCo CP12, CP17 

ATCOA SS 

Equity 

Atlas Copco CP18 PFE UN Equity Pfizer CP5, CP8, CP16 

AZN LN Equity AstraZeneca CP16 PG UN Equity Procter & 

Gamble 

CP8, CP12, 

CP17, CP20 

AZN SS Equity AstraZeneca CP5, CP11, 

PN4, AC4 

PHIA NA 

Equity 

Philips CP7 

BAS GY Equity BASF SE CP13 PPL UN Equity PPL CP8, CP12 

BAYN GY 

Equity 

Bayer CP13, CP16 RDSA NA 

Equity 

Shell CP19 

BEI GY Equity Beiersdorf CP13 ROG SE Equity Roche Holding CP5, CP6, CP16 

BMW GY 

Equity 

BMW AC6 SAMPO FH 

Equity 

Sampo CP19, PN5, 

AC12, AC14 

BMY UN Equity Bristo-Myers 

Squibb 

CP5 SAN FP Equity Sanofi CP5, AC9 

BN FP Equity Danone CP7 SAN SM Equity Banco Santander AC18, AC20 

BNP FP Equity BNP Paribas AC20 SAP GY Equity SAP CP7, CP13 

CA FP Equity Carrefour AC19 SEBA SS Equity SEB CP6, CP9, 

CP11, CP18, 

PN5 

CL UN Equity Colgate-

palmolive 

CP17 SECUB SS 

Equity 

Securitas CP9, AC13 

CNA LN Equity Centrica CP20 SHBA SS 

Equity 

Handelsbanken PN5 

CON GY Equity Continental CP13, AC19 SHOP UN 

Equity 

Shopify PN3 

CPB UN Equity Campbell Soup CP17 SIE GY Equity Siemens CP7, CP13, 

CP19 
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CS FP Equity AXA CP6 SKAB SS 

Equity 

Skanska CP9 

CSCO UQ 

Equity 

Cisco CP8 SKFB SS Equity SKF CP11 

CSGN SE 

Equity 

Credit Suisse AC18 SO UN Equity Southern CP20 

CTL UN Equity Lumen 

Technologies 

CP12 SOLECCE 

Index 

European 

Climate Change 

ESG 

PN17 

DAI GY Equity Daimler AC6 SPOT UN 

Equity 

Spotify 

Technology 

PN3 

DANSKE DC 

Equity 

Danske Bank PN5, PN12 SREN SE Equity Swiss Re CP20 

DBK GY Equity Deutsche Bank CP13 ST SP Equity Singtel CP10 

DNB NO Equity DNB PN5, AC20 STERV FH 

Equity 

Stora Enso AC14 

DPW GY Equity Deutsche Post CP7, AC9 SWEDA SS 

Equity 

Swedbank CP9, CP18 

DTE GY Equity Deutsche 

Telekom 

CP7 SWMA SS 

Equity 

Swedish Match CP9 

EEM UP Equity iShares MSCI 

Emerging 

Markets ETF 

CP14 SX5E Index EURO STOXX 

50 Index 

PN9, PN10, 

PN13, PN14, 

PN19, PN20, 

AC16 

ENI IM Equity Eni CP7 SX7E Index EURO STOXX 

Banks Index 

PN1, AC15 

ERICB SS 

Equity 

Ericsson CP11, AC12 SX7P Index STOXX Europe 

600 Banks Index 

CP4 

ESSITYB SS 

Equity 

Essity AC13 SXDP Index STOXX Europe 

600 Health Care 

Index 

CP2 

F UN Equity Ford Motor CP8 SXEP Index STOXX Europe 

600 Oil & Gas 

Index 

CP15, PN8, 

AC17 

FER SQ Equity Ferrovial CP19 SXNP Index STOXX Europe 

600 Industrial 

Goods & 

Services Index 

AC17 

FORTUM FH 

Equity 

Fortum CP18, CP19, 

AC14 

SXPP Index STOXX Europe 

600 Basic 

Resources Index 

AC17 

G IM Equity Assicurazioni 

Generali 

CP19 SXXP Index STXE 600 

(EUR) Pr 

PN7 

GETIB SS 

Equity 

Getinge AC13 T UN Equity AT&T CP12 

GIS UN Equity General Mills CP8 TEF SM Equity Telefonica CP19 

GM UN Equity General Motors CP12 TEL NO Equity Telenor CP18 

GOOGL UQ 

Equity 

Alphabet 

(Google) 

PN3, AC1 TEL2B SS 

Equity 

Tele2 CP6, CP9, CP11 

GSK LN Equity GlaxoSmithKline CP5, PN4 TELIA SS 

Equity 

Telia CP9, CP11, 

AC4, AC8, 

AC12 

HEN3 GY 

Equity 

Henkel CP13 TGT UN Equity Target 

Corporation 

CP17 

HMB SS Equity H&M CP9, CP11, AC4 TIETO FH 

Equity 

TietoEVRY PN2 

HSY UN Equity Hershey CP17 TSLA UQ 

Equity 

Tesla PN3, AC1 

IBE SM Equity Iberdrola CP19 TTE FP Equity Total SA CP7 

IFX GY Equity Infineon 

Technologies 

AC19 TYRES FH 

Equity 

Nokian Renkaat PN6, AC3, AC7, 

AC11 

INGA NA 

Equity 

ING CP7, AC18 UNA NA Equity Unilever CP19 
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INVEB SS 

Equity 

Investor CP9 UPM FH Equity UPM-Kymmene CP6 

IYR UP Equity iShares US Real 

Estate ETF 

PN16 UPS UN Equity United Parcel 

Service 

CP8, CP12 

JNJ UN Equity Johnson & 

Johnson 

CP5, CP8, 

CP12, CP20, 

PN4 

VBK US Equity Vanguard Small-

Cap Growth 

Index Fund ETF 

CP3 

K UN Equity Kellogg CP12, CP17, 

CP20 

VEA US Equity Vanguard FTSE 

Developed 

Markets ETF 

CP3 

KEP SP Equity Keppel CP10 VIE FP Equity Veolia 

Environment 

CP6 

KHC UW 

Equity 

H.J. Heinz 

Holding 

CP8 VOLVB SS 

Equity 

Volvo CP18 

KMB UN Equity Kimberly-Clark CP8 VOW3 GY 

Equity 

Volkswagen AC6 

KNEBV FH 

Equity 

Kone CP6, CP18, 

AC9, AC14 

VTV US Equity Vanguard Value 

ETF 

CP3 

KO UN Equity Coca-Cola CP17 WBC AU Equity Westpac CP20 

LLY UN Equity Eli Lilly CP16 WMT UN 

Equity 

Walmart CP17 

MAERSKB DC 

Equity 

A.P. Moller-

Maersk 

CP18 WRT1V FH 

Equity 

Wärtsilä AC7 

MCD UN Equity McDonald’s CP12, CP17 YAR NO Equity Yara 

International 

CP18 

META US 

Equity 

Meta Platforms 

(Facebook) 

PN3, AC2    

 

 

 


