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Sammanfattning 

I tiden efter finanskrisen har nya regelverk i kombination med bankers förändrade riskaptit till 
stor del förändrat den proprietära handeln till klientdriven handel, i.e. ”market making” eller 
förenklad handel för kund. Denna typ av handel komplicerar dynamiken mellan risk och 
avkastning, då målet ofta är att minimera risk och nå lönsamma kommissionsintäkter. Denna 
uppsats ämnar påvisa förhållandet mellan risk och avkastning i en klientdriven handelsmiljö. 
Detta görs genom att undersöka den betingade relationen mellan risk och realiserad avkastning. 
Till skillnad från andra studier som använder beta eller varians som riskmått, använder jag en 
delta-gamma Value at Risk-modell som jag också backtestar. Som avkastningsmått, använder jag 
tre olika mått; P&L, kommissionsintäkter samt summan av dessa två. En positiv belöning för att 
bära risk existerar om (i) avkastningen är lika negativt beroende av risken om den realiserade 
avkastningen är negativ, som den är positivt beroende av risken om den realiserade avkastningen 
är positiv och (ii) medelvärdet på avkastningen är signifikant positiv. För tre olika klientdrivna 
portföljer som testats, hittades en positiv belöning för att bära risk endast i en portfölj, mellan 
P&L plus kommissionsintäkter och Value at Risk. Emellertid, eftersom en symmetrisk 
systematisk betingad relation mellan risk och P&L plus kommissionsintäkter hittades i alla 
portföljer, och medelavkastningen var positiv, skulle den positiva belöningen ha funnits om 
medelavkastningen varit signifikant positiv. Å andra sidan skulle jag kunna hävda att den positiva 
belöningen finns, men inte är signifikant. Ingen relation mellan risk och kommissionsintäkter 
hittades. En trolig orsak till detta är hedgnings-strategierna, vilket vore ett intressant ämne för 
fortsatt forskning. 
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Abstract 

In post-financial crisis times, new legislation in combination with banks’ changed risk aversion 
has to a great extent changed the proprietary trading to client driven trading, i.e. market making 
or client facilitation. This type of trading complicates the risk-return dynamics, as the goal is 
often to minimize risk and achieve profitable commission revenues. This thesis aims to disclose 
the risk-return tradeoff in a client driven trading environment. This is done by investigating the 
conditional relation between risk and realized return. As opposed from many studies which proxy 
the risk with beta or variance, I use a delta-gamma Value at Risk model as the risk proxy, which I 
also backtest. For the return proxy, I use three different measures; P&L, commission revenues 
and the sum of these two. A positive tradeoff exists if (i) the return is equally negatively 
dependent on the risk if the ex post return is negative, as it is positively dependent on the risk if 
the ex post return is positive and (ii) the average return is significantly positive. For three 
different client driven trading portfolios tested, I found a positive risk-return tradeoff in one 
portfolio, between the P&L plus commission revenues and the Value at Risk. However, since a 
symmetrical conditional relationship between risk and P&L plus commission revenues was found 
in all portfolios, and the average return was positive, the positive tradeoff would have existed if 
the average return would have been significantly positive. On the other hand, one could argue 
that the tradeoff exists, but is not significant. No relation between risk and commission revenues 
was found. A probable cause to this is the hedging strategies, which would be an interesting topic 
for further research. 
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1 INTRODUCTION 

1.1 BACKGROUND 

In 1990, Harry Markowitz was granted the Sveriges Riksbank’s Prize in Economic Sciences in Memory of 

Alfred Nobel (Sveriges Riksbank, 2012). One of his greatest contributions to the field of 

economics is what we today know as Modern Portfolio Theory (MPT), a theory where there is an 

explicit expected maximum return for a given level of portfolio risk and a given set of assets 

(Markowitz, 1959). Sprung from Markowitz’s theories, the Capital Asset Pricing Model (CAPM) was 

independently introduced in the first half of the 60’s by several contemporary researchers (cf. 

Sharpe, 1964; Lintner, 1965), stating that the expected excess return of  an asset is a linear 

function of its market  .1 These two theories, MPT and CAPM, have to a great extent defined 

the finance paradigm as of today, and constitute a cornerstone in the risk-return tradeoff. 

However, the world in which these theories were developed is not longer the same.  

In the backwash of the financial crisis which culminated in the end of the first decade of the 21th 

century, the financial climate has changed substantially. A strongly contributing cause of the crisis 

was the widely spread proprietary trading, i.e. when banks and other institutions (e.g. hedge 

funds) trade on their own balance sheet trying to make a profit (Thomas, Hennessey & Holtz-

Eakin, 2011). Carrying too much risk, partly resulting from high leverage, many banks 

experienced severe losses during the crisis climax (Gandel, 2010). As an implication, proprietary 

trading has since become considerably regulated by e.g. the Volcker Rule in the Dodd-Frank Act 

(Securities and Exchange Commission, 2010, § 619). The rule forces banks to, in some degree, 

transfer their proprietary trading business in favor of client driven trading. An increased risk 

aversion at banks has also contributed to the transition to client driven trading. Client driven 

trading refers to when trading activities are exclusively for client purposes, e.g. market making 

(MM). A market maker is a financial player who quotes both bid and ask prices to provide market 

liquidity, and generates cash flow on the bid-offer spread. Subsequently, the market maker will 

have a long-short portfolio in his trading book. Another form of client driven trading is client 

facilitation (CF), which occurs when an existing client (e.g. an institutional trader) asks for a price 

on a contract. The client facilitator quotes a price on the specified contract, and generates 

                                                 
1 For an asset A, its market    is the correlated volatility with the rest of the market, say the DJI;    
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commissions if the trade takes place.  

While the trading business is changing, another implication of the crisis is the increased risk 

governance which is becoming a more crucial part of the bank’s daily business. The European 

Union (EU) established the European Banking Authority2 (EBA) in the late 2010’s for protection 

of the financial stability and transparency of markets and products. In parallel, the European 

Securities and Market Authority3 (ESMA) was created, also by the EU, in the early 2011’s for the 

protection of sound financial markets. This goal is partly sought by standardizing legislation 

within the Union to improve efficiency and consistency. These two newly established 

organizations have an international equivalent in the Basel Committee on Banking Supervision4 

(BCBS), which was instituted in 1974, and “[…] formulates broad supervisory standards and guidelines 

and recommends statements of best practice in the expectation that individual authorities will take steps to 

implement them through detailed arrangements […] which are best suited to their own national systems.” (Basel 

Commitee on Banking Supervision, 2009b, p. 1). With implementation commencing in 2013, the 

latest accord from BCBS – Basel III – elaborates the recommendations of regulatory capital, i.e. 

the capital a bank has to buffer due to risk of operating losses or default. At the first Tier, the 

required capital is expressed as a ratio of the bank’s risk-weighted assets. A bank could possibly 

lower this ratio (and hence the cost of capital) using an own method assessing the capital buffer. 

This method is called an Internal Model Approach (IMA), and must be approved by the Swedish 

Financial Services Authorities (FSA), namely Finansinspektionen (FI). A crucial step to get this 

approval is to have a documented well-working risk model and the far most popular model to use 

is the Value-at-Risk (VaR), a risk metric based on a portfolio’s statistical properties5 to estimate an 

investor’s potential loss. The risk paradigm has in some sense gone from the standard deviation 

and variance of the MPT and CAPM, to the VaR of today.  

The VaR could be assessed in numerous ways, of which the most common will be explained later 

in this paper. However, there are recommendations on how the VaR model should be used and 

constructed in order to get the approval of an IMA, hence getting the benefits thereof. In 

Sweden, these legislations and guidelines (originating from BSBC, EBA and ESMA) are 

incorporated by FI. FI consistently supervise the undertakings of Swedish banks (and other 

financial institutions), and it is FI who gives the approval of an IMA. VaR is not only a 

prerequisite for an IMA, but it is also common to monitor the VaR exposure on a daily, monthly 

and quarterly basis (Finansinspektionen, 2007). It is needless to say, having a well-implemented 

VaR model is critical for a modern bank, and the risk management of today is often truly 

influenced by the VaR. Constructing the VaR to be compliant with the IMA rules does not only 

ensure an “accurate” VaR model, but could also be beneficiary from a regulatory capital point of 

view. 

                                                 
2 The European Banking Authority | http://www.eba.europa.eu  
3 The European Securities and Markets Authority | http://www.esma.europa.eu 
4 The Basel Committee on Banking Supervision | http://www.bis.org/bcbs 
5 The VaR must not be based on statistical properties and can instead be assessed empirically. This will however only 
briefly be considered in this study. 
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In the standard Markowitz framework, the relationship between risk and return is quite 

uncomplicated – the greater risk you take, the greater expected return you have (Markowitz, 

1959). However, Markowitz’ theories are based on portfolio optimization, i.e. how to best 

allocate your resources subject to specified constraints – which is quite intuitive in proprietary 

trading. In client driven trading however, the positions on the own balance sheet are not there to 

maximize profit for the bank, but for client facilitation. Consequently, the MM or CF has limited 

power to control what positions enter the trading book. The revenue streams come from the 

subsequent commissions, spreads and possibly a positive portfolio P&L6 depending on market 

movements. As a passive player receiving orders, one could intuitively guess that an MM or CF 

has an initial disadvantage or negative bias in the P&L. The risk in the client driven trading, hence 

the risk of the P&L, can be controlled by hedging positions (reducing risk) or by leaving the 

positions unhedged, resulting in higher risk. However, the problem is that an unhedged CF/MM 

portfolio is most likely to be off-set from the banks interest and also possibly illegal according to 

the Volcker-Rule.7 

The risk and return drivers in a CF/MM portfolio    are illustrated in Figure 1.  

 

   

 

   

  

      

 

 

 

 

 

Figure 1 – The risk and return in a CF and MM portfolio.  
   is the portfolio composition at time  . The market risk comes from movements in the positions’ underlying risk 
factors. The return comes from value changes in the positions, as well as the commissions and realized returns 
from the intradaily executed trades. 

The changes in risk and return from day   to    1 are driven by three kinds of positions, namely; 

hedges, positions left unchanged and intradaily executed trades. The hedges are risk-carrying 

(although they reduce the risk), as well as generates P&L. The positions left unchanged are also 

                                                 
6 P&L stands for “profit and loss” and is the daily returns on holdings, including results from intraday trading. 
7 Market making undertakings may have proprietary intent, which the Volcker-Rule have been criticized for being 
unable to cover (Duffie, 2012). 
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risk-carrying and generates P&L. The intradaily trades also produce risk-carrying positions, as 

well as generate P&L and commission revenues.  

As the risk in the CF/MM portfolio is quite limited as it is constantly hedged, an interesting 

question is how the risk and return relates in such a portfolio. 

1.2 RESEARCH ISSUE 

The increased restrictions on conducting proprietary trading, in combination with higher risk 

aversion, have changed the way in which many banks operate and more banks transfer their 

trading into e.g. CF or MM. Additionally, with new legislations from FI (and in the extension 

from BCBS, EBA and ESMA), a well-working risk report system is non-negligible and also a 

prerequisite of using an IMA where the risk model at use is the Value at Risk. One might well say 

that the risk aversion is not recognizable compared to the financial crisis period. 

The client driven trading, fundamentally different from the proprietary trading, aims to minimize 

risk (hence P&L volatility), to reach profitable commission revenues. This is a major problem, 

since it complicates the risk-return relationship and even challenges if the risk-return tradeoff is 

valid in this environment. Being unaware of the risk-return dynamics is naturally a problem, and 

monitoring the risk seems quite futile if these dynamics are concealed.  

This paper addresses the above mentioned problems, by studying the risk-return tradeoff in a 

hedged client driven trading portfolio. The research question can be summarized as;  

RQ Using the Value at Risk as risk proxy, does the risk-return tradeoff exist 

in a hedged market maker’s derivative portfolio? 

1.3 PURPOSE 

The purpose of this study is to measure the sign and significance of the empirical risk-return 

tradeoff in a hedged client driven trading portfolio, using a backtested and IMA-compliant Value 

at Risk model as the risk proxy. The tradeoff will be measured by analyzing commission 

revenues, P&L and VaR historically.  

1.4  DELIMITATIONS 

The study will be carried out on the Swedish investment bank Carnegie Investment Bank AB 

(henceforth the Bank). The Bank fits the purpose of the study very well, since their trading 

activity has gone from proprietary to client driven during the past years. This is nonetheless a 
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prerequisite since the subject of the paper is closely related to this phenomenon. To single-

handedly create a replica of a client driven trading portfolio is not trivial, hence the use of a case 

study object is convenient. 

The VaR model is not to be constructed, since the scope of such a project would be a complete 

thesis itself. The model to be used as risk proxy is provided by the Bank, but will be backtested. 

The model is a delta-gamma VaR model. 

The goal of this thesis is not to find forecasting power between the risk and the return, but rather 

to see if holding higher risk historically have been rewarded with a higher return. 

The historical hedges of the client driven trading portfolio are deterministic and I will not further 

examine the hedging strategy. 

1.5 CONTRIBUTION 

While there is a vast amount of studies on the relationship between risk and return, most of them 

focus on the relation between expected return and the risk (expressed as variance or market beta) 

in a market portfolio or an index (e.g. Fama & MacBeth, 1973; Brandt & Kang, 2004; Maheu & 

McCurdy, 2007).  

 

My ambition is to contribute with a disclosure of the risk-return tradeoff in a post-financial crisis 

client driven trading portfolio. To also fit better into the risk governance and risk management of 

today, I will proxy the risk with a backtested Value at Risk metric. This approach gives not only a 

new angle on the tradeoff, but also benefits of using a backtested VaR which is a prerequisite for 

an IMA. 

1.6 DISPOSITION 

The rest of the paper is structured as follows; Chapter 2 explains the regulatory framework that 

has implication on the paper. Chapter 3 presents previous research as well as the theoretical body 

of knowledge that is relevant to this thesis. Chapter 4 presents the methodology, as well as the 

hypotheses that are tested to answer the research question. Chapter 5 presents the data used in 

the study, and specifies the portfolios and time period. Chapter 6 presents the results. Chapter 7 

discusses the results. Chapter 8 concludes the findings and proposes further research. 

1.7 ABBREVIATIONS 

Including those already used, following abbreviations occur in the paper. 
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BCBS Basel Committee on Banking Supervision 

CAPM Capital Asset Pricing Model 

CC Conditional Coverage 

CDF Cumulative Density Function 

CF Client Facilitation/Facilitator 

EBA European Banking Authority 

EoD End of Day 

ESMA European Securities and Markets Authorities 

ETF Exchange Traded Fund 

EWMA Exponentially Weighted Moving-Average 

FI Finansinspektionen (Swedish FSA) 

FSA Financial Services Authorities 

HS Historical Simulation 

IMA Internal Model Approach 

IND Independence 

LR Likelihood Ratio 

LLR Log Likelihood Ratio 

MC Monte Carlo 

ML Maximum Likelihood 

MM Market Making/Maker 

MPT Modern Portfolio Theory 

PDF Probability Density Function 

P&L Profit and Loss  

RQ Research Question 

UC Unconditional Coverage 

VaR Value-at-Risk 

VC Variance-Covariance 
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2 REGULATORY FRAMEWORK  

The first part of this chapter is based on the consultative document Fundamental review of the trading 

book, developed by the BCBS (2012). The document is an initial policy proposal emerging from 

the committee’s review on trading book capital requirements. The proposals build on the reforms 

in Basel III. 

After the culmination of the financial crisis in 2008, it was obvious that there were weaknesses in 

the reigning framework for capitalizing trading activities. The level of capital requirements were 

insufficient to absorb the vast losses that many players experienced in the late 2010’s.  

The level of capital requirement for a trading unit is either set by a standardized approach, or an 

internal model approach (IMA). New regulations have stronger requirements for the approval of 

an IMA, since the internal models used by banks during the crisis have received criticism. The 

committee’s goal with an IMA is for the bank to oversee and calculate the regulatory capital 

needed to cover losses in times of stress, from all sources of risk. An IMA used for a trading desk 

or a trading book must meet objective and verifiable criteria to establish that it reliably models 

the required capital correctly. To get an approval of an IMA, the BCBS suggest that following 

steps are carried out: 

Step 1 “Assessment of model performance against qualitative and quantitative 

criteria at the overall trading book level.” 

Step 2 “Assessment of model performance against quantitative criteria (including 

backtesting and P&L attribution) at the trading desk level.” 

Step 3 “Individual risk factor analysis: Frequency of update, Available historical 

data, Other factors.” 

 (Basel Committee on Banking Supervision, 2012, p. 29) 

If step 1 fails, the bank ought to use the standardize approach for regulatory capital. If step 2 

fails, the standardized approach ought to be used for the specific trading desks.   
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2.1 THE SWEDISH FSA 

This part is based on the most recent of FI’s Regulatory Code (2007). The guidelines from the 

European organs are implemented into Swedish law and regulations through the Swedish FSA, 

FI. The quantitative requirements of FI concerning the approval of a VaR model for an IMA are 

the following: 

1. The VaR should have a one-sided confidence level of at least 99%.  

2. The time horizon of the VaR should be ten days. 

3. The historical data used should be at least one year, i.e. approximately 250 banking days. 

4. The VaR model should have been backtested before taken into production. 

a. The backtesting should be performed on (i) the clean8 P&L and (ii) the actual 

(fee- and commission-free) P&L. 

b. The backtesting should be performed for a period of trading days that is as long 

as possible. 

When having a well-behaved VaR model (i.e. a model which fulfills the requirements above), the 

capital requirement for day   is calculated as the highest of the last observed VaR and the 60-day 

rolling average VaR multiplied by a scaling factor  , i.e.  

             
 

  
       

      

     

   (2.1) 

The factor   (  3) is based on the number of violations that the VaR model has had during the 

latest backtesting period of 250 trading days, and can by definition not be less than three. 

  

                                                 
8 The clean P&L is the result a portfolio would have if left unchanged from one day to another. 
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3 THEORETICAL BACKGROUND 

This chapter presents the theoretical body of knowledge which constitutes the basis for this 

study. The first section of this chapter describes the risk-return tradeoff and earlier research on 

the topic. A framework for analysis is presented. The second section discusses why to use VaR as 

the risk proxy, followed by a definition of VaR and an explanation of common VaR 

methodologies. The delta-gamma VaR is introduced to the reader, as well as its parameters. 

Finally, the framework for backtesting a VaR model is examined along with previous research.  

3.1 THE RISK-RETURN TRADEOFF 

Exploring the risk-return tradeoff is best understood departing from the CAPM relationship 

given by (Sharpe, 1964; Lintner, 1965) 

                                 
 

(3.1) 
 

saying that the ex ante9 return at time   on asset   is a linear function of the risk free rate       asset 

 ’s beta and the ex ante market return        . This relation declares that the higher the market 

beta of an asset, the higher the ex ante return of the asset. As the market beta is a measure of the 

risk, the formulation says that the higher the risk, the higher the expected return. In other words, 

the risk-return tradeoff means that if an investor searches higher return, he has to undertake 

more risk. The increased risk is rewarded with a higher risk premium – thus a risk-return tradeoff. 

Worth noting is that the CAPM predicts a risk-return tradeoff between the ex ante return and the 

risk level and not a tradeoff between the ex post10 return and the risk level. 

Lettau and Ludvigson (2010) generalizes CAPM to a popular empirical specification that relates 

(conditional) expected return to (conditional) volatility, namely 

                                                 
9 Ex ante is an expected or forecasted event. 
10 Ex post is an observed or realized event. 
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(3.2) 
 

where                    is the conditional ex ante excess return of the asset (or portfolio), 

                     is the conditional variance,          
  are the regression coefficients, and 

   is the information set known to investors. Note that if     0 then (3.2) is a representation of 

the risk-return tradeoff in CAPM. In words (3.2) unveils if the expected return of an asset or 

portfolio is dependent on the risk level. The size, sign and significance of the estimate     in (3.2) 

determines whether the risk-return relationship is positive, negative, or even exists at all.  

The methodology in Lettau and Ludvigson (2010) requires the estimation of the conditional 

expected return as well as the estimation of the conditional variance. Having the estimates       of 

                   and       of                       the risk-return relation can be estimated 

using the regression equation 

                . 
 

(3.3) 
 

In this context the risk proxy must of course not be the conditional variance, but can be chosen 

arbitrarily amongst risk metrics, such as the Value at Risk.  

3.1.1 Previous research 

The relationship between market risk and return has been investigated by numerous researchers 

and both the Markowitz optimized portfolio11 (cf. Markowitz, 1959; Elton, Gruber, Brown & 

Goetzmann, 2009) and the CAPM relationship (cf. Sharpe, 1964; Lintner, 1965; Elton et al., 

2009) describes this phenomenon. By claiming that “This risk-return tradeoff is so fundamental in 

financial economics that it could well be described as the “first fundamental law of finance””, Ghysels, Santa-

Clara and Valkanov (2004, p. 1) embraces the importance of the relation. The literature is 

however ambigious, and many researchers fence the existence of a positive risk-return 

relationship (i.e.    is significantly greater than zero), while some claim that there is no significant 

relation at all (   insignificant). Yet a third group in this discussion uphold the existence of a 

negative relationship (   significantly negative).  

Using a CAPM approach, Fama and MacBeth (1973) found a positive relation between average 

returns (as a proxy for ex ante returns) and risk on the NYSE during the period of 1926-1968 and 

Maheu and McCurdy (2007) showed that a positive relationship between conditional mean and 

conditional variance existed in the U.S. market during the extended period of 1840-2006. 

                                                 
11 A Markowitz optimized portfolio is a portfolio weighted such that the expected return is maximized given 
constraints on the risk (often standard deviation).  
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Ghysels, Santa-Clara and Valkanov (2004) used the ICAPM (Intertemporal CAPM) by Merton 

(1973) to also show that the positive relationship between conditional mean and conditional 

variance existed between 1928-2000. The main difference between CAPM and ICAPM is that 

ICAPM is a multi-factor model which can account for more realistic assumptions. Pastor, Sinha 

and Swaminthan (2006) also used the ICAPM in combination with the implied cost of capital 

(internal rate of return) as a proxy for the conditional mean and thereby found a positive 

relationship in the G-7 countries. Also based on the ICAPM, Guo and Whitelaw (2005) 

elaborated a model that separates the expected return into two parts, one for the risk component 

and one for the hedge component12.  

While the existence of the risk-return tradeoff is supported by many researchers, others do not 

find evidence for it. Using the CAPM, Fama and French (1992) found that the relationship did 

not exist in the period of 1963-1990. Glosten, Jaganathan and Runkle (1993) however found 

evidence of a negative relationship using a GARCH-M model applied on differently weigthed 

indices in the U.S. market. Goyal and Santa-Clara (2003) found that the market variance had no 

forecasting power for market return, but that there was a positive significant relation between 

average stock variance and the market return. Amongst more modern papers there is also Brandt 

and Kang (2004) who showed a strong and robust negative conditional correlation between the 

mean and volatility. 

Guo and Whitelaw (2005) recognize the causes of failure of reaching a definite conclusion about 

the risk-return relation as two things. First, neither the conditional expected return nor the 

conditional variance is observable, hence highly dependent on conditioning variables13. Second, 

theory has no restrictions on the sign of the    – it can be both positive or negative. However, 

theory requires a positive partial relation between market risk and return. As a remedy, Guo and 

Whitelaw (2005) work with ex post returns instead of ex ante returns. 

Also adressing the problem with contradicting results, Pettengill, Sundaram and Mathur (1995) 

recognize that much of previous research uses ex post returns as a proxy for expected returns in 

the CAPM relationship. Assuming  a positive tradeoff in CAPM, the ex ante market return must 

be higher than the risk-free return, otherwise investors would hold the risk-free security. The 

CAPM requires that             is positive, and consequently the ex ante return for a risky 

portfolio is a positive function of its market  . This fundamental setup is questionned by 

Pettengill et al. (1995), who examine the relation conditional on the ex post market return. If 

       then                0, and the predicted return includes a negative risk premium. 

Hence, an inverse relationship must exist if the realized return is negative. The idea of Pettengill 

et al. (1995) is that unlike the positive tradeoff between   and ex ante return in CAPM, there is a 

segmented relationship between ex post returns and  ; i.e. a positive relation during positive ex 

post market return periods (referred to as an up market) and a negative relation during negative ex 

                                                 
12 The hedge component is the covariance with other investment opportunities. 
13 The conditioning variables are the variables which forecast the conditional expected return. These can be chosen 
in-sample or/and out-of-sample, as discussed by Lettau and Ludvigson (2010). 
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post market return periods (referred to as a down market). The overall positive risk-return tradeoff 

lies in the symmetry of the positive and negative relation, as well as the average return. 

Many researchers have built upon Pettengill et al. (1995) and tested their theories in different 

markets. Fletcher (1997, 2000) finds support for a significant positive (negative) relationship in an 

up (down) market on the UK and the international stock market. Hodoshima, Garza-Gómez and 

Kunimura (2000) reached  the same conclusion in the Japanese market. Elsas, El-Shaer and 

Theissen (2003) found evidence of the conditional relation in the German market. On the 

contrary, Sandoval and Saens (2004) performed the same analysis and found a non-symmetrical 

relationship14 in different Latin Americn markets. 

In the vocabulary of Pettengill et al. (1995) there is a distinction between unconditional risk-return 

relation and the conditional risk-return relation. An unconditional test does not separate an up and 

down market, while a conditional test recognizes the difference in relation conditioned on the 

sign of the market return. Note that the conditional risk-return relation cannot be used for 

prediction but only for testing a relation historically since the conditional relation builds on the 

use of ex post market return.  

3.1.2 The conditional risk-return relation 

Based on the empirical tests of Pettengill et al. (1995), estimating the sign and significance of the 

risk-return tradeoff takes a slightly different form than testing the relation for CAPM. Remember 

that if the market excess return is positive the portfolio betas and returns should be positively 

related. But if the market excess return is negative then the portfolio beta and return should be 

inversely related. To examine this relationship, Pettengill et al. (1995) define the equation 

 

                          (3.4) 

where    is the ex post return,             
  are the regression coefficients,    is portfolio  ’s 

beta,    is the residual and   is defined as 

    
                 

                       
  (3.5) 

From (3.4) and (3.5) follow that in times of positive market excess returns,    is estimated, and in 

times of negative market excess returns    is estimated. Accordingly, we expect that     is positive 

and     negative.  

Examining the relationship between ex post returns and risk but with another risk metric than 

                                                 
14 Non-symmetrical means that the relation is not equally strong in an up and down market. 
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the portfolio’s beta offers the same problem as for Pettengill et al. (1995). Ex post returns are 

most likely to be both positive and negative, while conditional ex ante returns are most likely to 

be strictly positive. Pettengill et al. (1995) and the studies built upon their study have the CAPM 

beta as the risk metric, and the ex post market return as the binary variable on which they 

condition an up or down market. However using another risk metric than the market beta cannot 

have the ex post market return as the binary variable, since it is not applicable. As I will use the 

Value at Risk as risk proxy in this paper, the condition for an up/down market must in fact be 

the ex post portfolio return itself. Hence, for a portfolio return   , I have the equation  

                             (3.6) 

where    is the ex post portfolio return,             
  the regression coefficients,     is the 

estimated risk proxy,    the residual and   is defined as 

    
               

                     
  (3.7) 

I will refer to an up portfolio when     0 and a down portfolio when     0. Pettengill et al. (1995) 

claim that if     is positive and     is negative, there exists a systematic relationship between the 

risk and the return. However, for a positive risk-return tradeoff to exist two more tests is needed; 

first, the overall excess returns must be positive. Second, the estimates     and     must be 

symmetrical, since otherwise there could be a higher negative risk premium than positive, and 

accordingly the tradeoff would not exist. A positive reward for holding risk in this study would be 

if    is on average (significantly) positive, and if          . 

3.1.3 The risk-return tradeoff in a client driven trading portfolio 

As described in the previous section, a great number of the studies made in the field of the risk-

return tradeoff are based on the CAPM. All studies made under this paradigm rely on the several 

assumptions of the CAPM (cf. Merton, 1973; Elton et al., 2009). One of the most important (and 

therefore most critized) assumption is that investors choose their portfolios to be mean-variance, 

i.e. optimal in the sense of Markowitz. Positions in a client driven trading book typically derive 

from two sources, namely 

1. Positions where the bank is counterparty in a contract (market making in stocks and 
options). 

2. Positions that the bank have been enforced to take (due to e.g. client service). 

As already mentioned, the portfolio most certainly will not be mean-variance optimal in the client 

driven trading environment. This is one of the reasons for why this study is interesting. Another 
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is the choice of the risk proxy. 

3.1.4 The risk proxy 

Studying the risk-return tradeoff, a popular risk proxy is either the variance (conditional or 

realized) or the portfolio’s beta. Nevertheless, the risk proxy    could of course be chosen 

arbitrarily amongst risk metrics, and one could use the VaR as proxy. This is not at all far-fetched, 

since the parametric VaR is nothing but a scaling of the standard deviation of the portfolio 

distribution, as I will discuss later in this chapter.  

3.2 THE VALUE-AT-RISK 

Value-at-Risk measures a portfolio’s exposure to specified risk factors, e.g. equity risk, interest 

rate risk, currency risk or commodity risk. Given a portfolio of assets at a certain time, the VaR at 

confidence level     (0, 1) and time horizon  , denoted as     
 , is the potential loss an investor’s 

portfolio does not exceed over a time period of length   with a probability of (1    ). In other 

words, a        
  of $1’000 means that in 1 of 100 days, an investor can expect that his portfolio 

suffers a loss at least as great as $1’000 (Hendricks, 1996). The mathematical definition of the 

    
  is 

     
            (3.8) 

where         is the inverse cumulative density function (CDF) of the underlying process, such as 

the portfolio losses. The function        is dependent on   in its construction (using returns with 

interval length  ), and is based on historical data, of length  . Frequently used methodologies for 

assessing the VaR (by estimating       ) are Monte Carlo (MC) simulation, Historical Simulation 

(HS) and variance-covariance methods (VC).  

The MC method uses multiple simulations of all underlying time series to assess a distribution of 

the portfolio losses. As a consequence, a major drawback of MC is that it is very time consuming 

and needs great computational power (Pritsker, 1996). Glasserman, Heidelberger and 

Shahabuddin (2000) argue that MC is often neglected for this reason, which also Pritsker (1996) 

supports.  

HS is a method where distributions are bootstrapped from historical data. A major drawback 

with HS is that it relies entirely on historical observations and if the 99.9th percentile should be 

estimated, one would need a vast amount of historical data (Hendricks, 1996). This data is often 

not at hand.  

Using VC methods, a parametric distribution is assessed to changes of the portfolio value as a 
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whole. The VC methods rely on some assumptions, e.g. that the portfolio distribution belongs to 

a parametric family of distributions (e.g. the Normal or the Student’s t family), and that the 

covariance matrix is possible to construct (Britten-Jones & Schaefer, 1999). However, a great 

advantage with a parametric distribution, is that any confidence level or time horizon can be used.  

Since both time and historical data (see chapter 5) are limited in this study, I will emphasize the 

VC methods in this thesis, namely the delta gamma Normal Value at Risk.  

3.2.1 Why VaR as the risk proxy? 

The VaR metric has been subject to wide debate over the past years (cf. Nocera 2009). The most 

common criticism stems from the fact that VaR only measures the risk within the confidence 

interval  , thus it ignores the tail15 (Brown & Einhorn, 2008; Hult, Lindskog, Hammarlid & Rehn, 

2012). On the same theme, VaR has been accused for not being able to account for extreme 

events and only being able to estimate the manageable risk.  

Another drawback of the VaR is that it is not a coherent risk measure16 since it is not sub-

additive. For a sub-additive risk measure, the risk of two portfolios combined can never be higher 

than the sum of the risk of the two portfolios. Although VaR can have this effect, there exist 

examples when the sub-additive property does not hold.  

Despite its weaknesses, the VaR metric, promoted by e.g. BSBC and EBA, has the advantage of 

being a somewhat standardized framework that forces institutions to actively manage their risks. 

Jorion (1996) claims that as important as the number itself, is the process of getting there – to 

critically evaluate all the business areas of the institution and assess proper risk management. 

Other benefits promoted by Jorion are the improvements of transparency and stability that VaR 

offers.   

3.2.2 The delta-gamma Normal VaR 

Britten-Jones and Schaefer (1999) claim that methods using a linear approximation of the 

portfolio losses (such as the delta VaR) are unlikely to be robust when applied to non-linear 

portfolios (such as portfolios including options). In favor for a full-revaluation using Monte Carlo 

simulation, they argue for an alternative approach which uses a quadratic approximation to assess 

the portfolio loss distribution. This method accounts for the gamma risk17 originating from the 

options. Britten-Jones and Schaefer (1999) work under the assumption that the changes of the 

underlying risk factors (denoted as   ) follow a multivariate normal distribution. Castellacci and 

                                                 
15 The “tail” refers to the probability mass for percentiles beyond the level  . 
16 A coherent risk measure fulfills several mathematical properties; see e.g. Hult et al. (2012) for more information. 
17 The gamma risk is the sensitivity for changes in the delta.   
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Siclari (2003) support this assumption and argue that perhaps the most widespread delta-gamma 

methodology is assessing a multivariate normal distribution to the changes of the underlying risk 

factors. With the distribution of changes for   risk factors written as 

               (3.9) 

the quadratic approximation of the portfolio losses (more exactly the shifts in present value of 

the portfolio     ) is obtained by the second order Taylor expansion of the portfolio value 

(Britten-Jones & Schaefer, 1999) 

       
    

  
   

 

 
   

    

     
    (3.10) 

Britten-Jones and Schaefer (1999) further rewrites (3.10) by assuming that the first and second 

derivatives have already been calculated from the individual   assets, thus we arrive at the 

aggregate delta 

   
   

  
  

 

 
 

   
   
 

   
    

 
 

  (3.11) 

and the aggregate gamma 

   
    

     
  

 

  
 

    

      
 

    

      

   
    

      
 

    

       

  
 

  
(3.12) 

 

Accordingly, the value function of the portfolio losses is 

            
 

 
        (3.13) 

In order to assess the distribution of    , the sample moments must be estimated. Britten-Jones 

and Schaefer (1999) define the first and second sample moments of (3.13) as 
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        (3.14) 

    
  

 

 
              (3.15) 

where        is the sum of the elements on the main diagonal. Using the expressions (3.14) and 

(3.15), the delta-gamma (normal) VaR at level   is expressed as  

     
                   (3.16) 

where      is the standard Normal CDF. 

3.2.3 The decay factor 

VaR has often been accused of not taking changes of volatility into consideration. One way of 

solving this is to use an exponentially weighted moving-average (EWMA) in the construction of 

the volatility and the covariance matrix (cf. Hendricks, 1996; Berkowitz & O'Brien, 2002). The 

decay factor   influences the standard deviaton in such a way that the weights of the historical 

observations decrease with time. The scaling of the standard deviation is 

          
                  (3.17) 

where   is the decay factor,       and       is the last observed standard deviation and return, 

respectively, and   is the mean return (assumed to be zero). Common values for    are 0.94 or 

0.97, where the lower the   , the faster decay in the influence of a given observation (Hendricks, 

1996). A value of 1 means that the historical data is not weighted at all. 

3.2.4 The parameter set 

Denoting Ψ as the vector of parameters that are subject to change in the setup of a (delta-

gamma) VaR, the following parameters are required 

                (3.18) 

where   is the time horizon for the VaR predictor,   is the confidence level,   is the length of the 

history and   is the decay factor. 
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3.3 BACKTESTING VAR 

Backtesting is a common methodology to ensure the quality of a predictive measure. The main 

concept of backtesting is to see how the predictor has performed historically. The methodology 

is based on comparison between the predicted value and the actual outcome of the process. If 

the outcome exceeds the predicted value, the predictor has been violated. In general notation, we 

have on a one-sided interval 

        
                         

                               
  (3.19) 

with the violation indicator variable    for a time series    and a confidence level  . Using the 

violation series   , there are several tests suggested by previous studies. However, there are two 

main concepts that one ideally wants to test for – Unconditional and Conditional Coverage (UC 

and CC). 

3.3.1 Unconditional coverage 

Departing from the time series   , defined for    1,   , a standard approach for evaluation (cf. 

Baillie & Bollerslev, 1992) is to simply compare the nominal coverage      
 
    with the 

expected (true) coverage  . Christoffersen (1998) calls this the unconditional coverage and claims 

that the UC is tested with the hypothesis that         against the alternative that        . In 

other words, the nominal coverage rate is tested to be significantly different from the expected 

(true) one. Stating that the sequence    is Bernoulli distributed, Christoffersen constructs the 

likelihood function under the null hypothesis for the unconditional coverage 

                         (3.20) 

and under the alternative hypothesis that            

                         (3.21) 

where       
 
    and   is the length of the time series. The Maximum Likelihood (ML) 

estimate of   is        . Under the null hypothesis that the UC is correct, the Likelihood Ratio 

(LR) test statistic is asymptotically   -distributed with one degree of freedom. Similar tests on UC 

have been described by Kupiec (1995) amongst others.  

3.3.2 Conditional coverage 

Christoffersen (1998) argues that only investigating the UC allows for the model to produce 
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clustered violations, indicating that the model does not handle shifts in volatility well. The UC 

simply counts the number of violations and the order of zeros and ones does not matter. The 

problem of clustered violations is important to address, since great continuous losses could 

eventually lead to bankruptcy (Christoffersen & Pelletier, 2004). 

The CC hypothesis of Christoffersen (1998) includes a test of independence (IND) amongst the 

variables of the sequence    . Indeed, clustered violations would indicate that       is greater if 

      1, i.e. the probability of a violation is dependent on the history up to that point. 

Mathematically speaking, the CC hypothesis means that 

                                        (3.22) 

saying that the VaR violation process is a martingale difference and that at any given time  , the 

expected value of a violation must always equal the coverage rate  . 

Christoffersen (1998) tests independence amongst the violations against an explicit first-order 

Markov chain with transition probability matrix 

     
         
        

   (3.23) 

where     (       0, 1 ) is the probability of an   on day    1 being followed by a   on day  , or 

mathematically                      . Also notice that by probability law,      1       

and      1      . Defining     as the number of occurrences of the transitions defined in the 

matrix   , Christoffersen defines the likelihood function for the process as 

                    
      

          
      

     (3.24) 

For clarification,     is the number of days that a non-violation at day    1 is followed by a non-

violation on day   . The ML estimate of    is  

      

   

       

   

       
   

       

   

       

   (3.25) 

Using an observed sequence of    , Christoffersen estimates the first-order Markov chain (3.25). 

Proceeding, he test the hypothesis that the sequence is independent by noting that a Markov-

chain of independence corresponds to 
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   (3.26) 

The likelihood under the null becomes 

                   
           

         
  (3.27) 

with the ML estimate of                                    . As for the UC, the 

IND LR test is asymptotically   -distributed with one degree of freedom. This test does only test 

for independence amongst the violations, but does not take care of the coverage rate. The CC 

hypothesis combines the test statistic of UC and IND, and is simply the sum of the two LR 

statistics 

                . (3.28) 

The LRCC is asymptotically   -distributed with two degrees of freedom. How to construct the 

LR’s is described in the methodology chapter in section 4.1.2. The LRCC hypothesis of 

Christoffersen has one weakness – it fails to capture longer dependence than the one between 

two successive days. To deal with this, Christoffersen and Pelletier (2004) constructs a duration-

based approach, which was clarified and somewhat extended by Berkowitz, Christoffersen and 

Pelletier (2011). 

3.3.2.1 A duration-based approach 

Christoffersen and Pelletier (2004) addresses the problem of clustered violations, which was also 

the idea of Christoffersen’s CC (1998). The duration-based approach however extends the CC 

and says that the length of the durations between the violations should be independent, since 

dependency amongst violations must not be expressed in two successive days. Furthermore, the 

authors claim that the durations between the violations should have a geometric distribution with 

a success probability equal to   . A duration (in days) between a pair of VaR violations is denoted 

as 

             (3.29) 

where    denotes the day of violation number  . Under the null hypothesis of the no-hit 

durations, Christoffersen and Pelletier (2004) use the only memory-free distribution, namely the 

exponential distribution given by  
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                  (3.30) 

To establish a statistical test for independence, Christoffersen and Pelletier specify the alternative 

hypothesis using the Weibull distribution  

                         
. (3.31) 

A Weibull distribution with a flat hazard function (i.e.     1) corresponds to the exponential 

distribution in (3.30). The null hypothesis for independence amongst the no-hit durations is that 

   1. To also include the CC hypothesis, Berkowitz et al. (2011) suggest the extended 

hypotheses  

 
          and       

          and       
(3.32) 

The hypothesis (3.32) represents the well-behaviorness of a VaR model in the sense that the test 

for    1 catches the behavior between the hits, i.e. the duration distribution, and     catches 

the coverage rate, i.e. if the model catches a proper amount of violations. 

Calculating the durations    is straightforward for all durations except for the first and last. 

Berkowitz et al. (2011) defines a binary variable    which defines if the observation   is censored or 

not.     is zero per se for all observations except the first and last. If the first observation is a non-

violation, the first duration is the number of days until the first violation and the observation is 

left-censored, hence     1. Correspondingly, the last duration is right-censored (       1) if the 

last observation is a non-violation. The censored property means that we do not know how many 

days have passed before (after) the first (last) violation. The contribution to the likelihood for an 

uncensored duration is its PDF, while the contribution of a censored observation is its survival 

function         1       . The log-likelihood function for the durations is 

 

                                              

      

   

                                      
(3.33) 

The PDF      and the CDF      belong to the Weibull distribution and for the alternative 

hypothesis the ML estimates of   and   in (3.31) are numerically solved for. Expressing   as 
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  (3.34) 

makes the numerical optimization a maximization over one parameter instead of two. 

3.3.3 Backtesting data 

Berkowitz and O’Brien (2002) applied the framework of Christoffersen (1998) and used the 

reported VaR and P&L time series from six large U.S. banks to study their VaR models. Their 

findings were that the banks’ models were too conservative18 and that the violations seemed to be 

clustered, which indicated that the models had trouble accounting for changes in the P&L 

volatility. In their study, one cause of the VaR conservatism came from the fact that the P&L 

series in the study of Berkowitz and O’Brien included daily net fee incomes, but the ex ante VaR 

was measured on the fixed EoD positions the day before. Hence there was a conservative bias to 

start with, since the P&L was improved by the fees. To solve this problem, Jaschke, Stahl and 

Stehle (2003) suggest the use of hypothetical (or clean) P&L. The clean day-to-day P&L is 

denoted as 

                     (3.35) 

where    is the portfolio composition at time  ,        is the value at time   of the portfolio and 

         is the value of the same portfolio evaluated at time    . Furthermore, Jaschke et al. 

(2003) denotes the VaR function of the portfolio    at confidence level   as 

     
         (3.36) 

where     0.99 is used as implied by the Basel Committee (Basel Committee on Banking 

Supervision, 2009a). The parameters   and   are added herein for compliance with the vocabulary 

of this paper.  

                                                 
18 In this context, conservative means that the model tends to cover more losses than it is supposed to. 
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4 METHODOLOGY 

In order to ensure the quality of the risk metric used as a benchmark in this paper, the first step 

will be to backtest the existing VaR model and calibrate so that it performs as good as possible. 

The legislations and guidelines of a VaR model are extensive and using a VaR series which does 

not follow these would be rash and could give questionable results. The second step is analyses of 

VaR, commissions and P&L series, in order to determine if there exists a risk-return tradeoff. 

Following activities have been identified in order to achieve the purpose of this study: 

1. Backtesting 

a. Create clean P&L and VaR time series’. 

b. Backtest of the VaR model and determine if it is well-behaved according to the 

theoretical framework for backtesting. 

2. The risk-return tradeoff 

a. Collect information of commission revenues from relevant sources, and 

construct a simple database of these.  

b. Analyze the relationship between VaR, commissions and P&L. 

c. Conclude findings and propose generalizability of results.    

Step 1.b is necessary since investigating the risk-return tradeoff is quite redundant if the risk 

metric is not appropriate and accurately reflects the underlying process. Step 1.a and 2.a are 

phases of data collection which are necessary to complement existing data sources. Step 2.b is the 

core of the paper and includes the evaluation of the risk-return tradeoff in a client driven trading 

environment. Step 2.c is an attempt to generalize results and draw conclusions from the findings.  

4.1  BACKTESTING 

The backtesting will be done using a design which is referred to as a repeated-measure by Collis and 

Hussey (2009). In this context, it will be used in such a way that the parameters of the VaR model 

will be alternated and the model will be evaluated and compared over the alternations. As stated 
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in the literature review, the backtesting should be performed using the clean P&L since a VaR 

model cannot account for intraday trades (Jaschke et al., 2003). Therefore the first step is to 

construct a time series of such clean P&L, since this series is not maintained by the Bank on a 

daily basis. The next step is to calibrate the VaR parameters and construct the VaR time series. 

The VaR parameters that are subject to change are defined in the set   in section 3.2.4, namely 

           . According to FI, the VaR backtest should be calculated on a 99% confidence 

interval, a time horizon of ten days and a historical sample of as long as possible 

(Finansinspektionen, 2007). However, in this paper I will use a time horizon of one day instead 

of ten days, because this series is maintained by the Bank. The greatest length of the historical 

sample is 375 trading days in this paper, as will be discussed in chapter 5. Hence, the parameter 

set in terms of   is  1, 0.99, 375,   . Notably,   is the only unfixed parameter. 

A schematic flowchart of the backtesting process is depicted in Figure 2. First, a clean P&L series 

is created and stored for analysis. Second an initial value of   is set. Third, the VaR series is 

created and stored for analysis. Here, a new value is set for   and a new VaR series is created with 

a different  . Fourth, the analysis of the VaR series’ and clean P&L is performed. The output of 

the analysis is the VaR model with the best historical performance. 

 

 

(1) 

   
 

 

(2) 

   
 

 

(3) 

   
 

 

(4) 

   

 

 

 
 
 
 

(5) 

Figure 2 – The backtesting method. 
The method consists of (1) creating a clean P&L series, (2) set an initial value of the decay factor  , (3) create the 
historical series’ of VaR under alternation of  , (4) analyze the VaR and clean P&L series. The last step (5) is an 
evaluation to determine which of the decay factors   creates the best violation series. 

Determine 
which vio-

lation series    
behaves best. 

Analyze P&L series and VaR series’.  

Create historical VaR series: 
    

       .  
  

Calibrate VaR settings: 
   1, 0.99, 375   . 

 

 

 

 

Create historical clean P&L series: 
                  . 

VaR model OK 
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4.1.1 Hypotheses 

The analysis in step (4) and (5) is based on the hypotheses elaborated by Berkowitz et al. (2011). 
The hypotheses to be tested are 

H.1  The unconditional coverage rate is  .   

H.2  The violations    (   1,    ) are independent of each other.   

H.3  The unconditional coverage rate is   and the violations    (   1,    ) 
are independent of each other. 

 

H.4  The durations between the days of violations are independent,  

and the coverage rate is  . 
 

If the hypotheses H.1 through H.4 cannot be rejected under the null, the VaR model is to be 

considered well-behaved, since it fulfills the requirements from the Swedish FSA as well as it is 

feasible with recent studies supporting this claim. The hypotheses H.1 and H.2 are the most 

basic, while H.3 and H.4 are more elaborated. 

4.1.2 Tests of H.1 – H.4 

The tests of H.1 – H.4 are based on the log-likelihood functions defined in section 3.3. Using the 

likelihood functions, the test statistic known as log likelihood ratio (LLR) can be written as twice 

the difference between the log-likelihoods (Lang, 2011) 

                          (4.1) 

where       is the likelihood function for the null model, and       is the likelihood function for 

the alternative model. Denoting     and     as the degrees of freedom of the null model and the 

alternative model respectively, a general null hypothesis    is rejected at significance level   if  

             

   
        (4.2) 

where   
   

    is the inverse CDF of the Chi squared distribution with   degrees of freedom. 

Using the equations defined in section 3.3, the test statistics for the four hypotheses are  
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H.1 
 

                                   
 

Eq. (3.20) & (3.21) 

H.2 
 

                                         
 

Eq. (3.24) & (3.27) 

H.3 
 

                    
 

Eq. (3.28) 

H.4 
 

                                         
 

Eq. (3.29) 

Remember,   is the desired coverage rate for the VaR model,    is the violation series and   is 

the duration series. The other variables;                  and    are ML estimates defined in section 

3.3. 

The hypotheses will be tested on levels of 95%, 99% and 99.9%. 

4.2 THE RISK-RETURN RELATIONSHIP 

Using the methodology in 4.1 the VaR model is backtested and the parameters are chosen to 

optimize the past behavior with respect to the (conditional) coverage and the independency of 

the durations between the violations. Denoting the decay factor that provides the best results in 

the backtest as   , we get the corresponding VaR series,        
         for    1, …, 375 . From 

here, this series is denoted as   

             
           (4.3) 

Remembering (3.6) on p. 13, I use the regression model defined by Pettengill et al. (1995), but 

with      as the risk proxy instead of the portfolio beta,   . I get the formula  

                               (4.4) 

which constitute the framework of analysis in this paper. The systematical relationship between 

risk and return is found in the sign, size and statistical significance of the estimates of     and    .  

The existence of a positive risk-return tradeoff lies in the symmetry of     and    . Rewriting (4.4) 

and letting        , and changing    and    to    and    for notation purposes, yields 
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(4.5) 

If I cannot reject that (4.5) gives an equally good fit as (4.4), I have shown that         which 

means that the relationship is symmetrical. 

For the proxy of   , I will use three different returns; the actual P&L series (   
    ), the 

commission revenues series (        ) and the two combined. Accordingly, the three series 

in the regression models (4.4) and (4.5) will be 

        
   (4.6) 

            (4.7) 

        
          (4.8) 

The P&L is lagged one day since I search the relationship if a high level of risk on day   affects 

the result on day    1. The commission series is lagged by one day since a client driven trade 

which increases the portfolio risk at day  , generates a commission income paid at day    1. A 

depiction of the methodology is shown in Figure 3. I use the VaR time series as the risk proxy, 

and (4.6)-(4.8) as the return proxies. The analysis of equations (4.4) and (4.5) results in a 

significant or insignificant relation between the risk and return. The analysis method is shown in 

Figure 3. 

 

 

 

 

 

 

 

DATA METHOD RESULTS 

Figure 3 – The risk-return analysis method. 
The method is based on three time series’ as input, and on linear regression with a structural model. The results 
rely on the outcomes of the statistical tests.  

Commission time series 
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Actual P&L time series 
 

Significant relation 
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4.2.1 Hypotheses 

The hypotheses below test if there is a statistical significant relationship between the trading 
results and the risk in the trading book. The hypotheses to be tested are 
 
 

H.5  There exists a positive relation between the actual P&L and VaR in an up 
portfolio, and a negative relation in a down portfolio. 

 

H.6  There exists a positive relation between the commission revenues and VaR.  

H.7  There exists a positive relation between the actual P&L plus commission 
revenues in an up portfolio, and a negative relation in a down portfolio. 

 

H.8  The average value of the  

  H.8.1 actual P&L differ from zero.  

  H.8.2 actual P&L plus the commission revenues differ from zero.  

  H.8.3 commission revenues differ from zero.  

H.9  The systematic relationship between risk and return is symmetrical for the  

  H.9.1 actual P&L.  

  H.9.2 actual P&L plus the commission revenues.  

If the hypotheses H.5 – H.7 hold, there exist a systematic relationship between the risk and the 

return proxies. If H.8.1 – H.8.3 hold, the average value of the return proxies differ from zero. If 

H.9.1 – H.9.2 hold in conjunction with the corresponding hypothesis in H.8, the risk-return 

tradeoff exists and its sign depends on the sign of the significant average from H.8. 

4.2.2 Test of H.5 – H.9 

The test of H.5 – H.7 and H.9 is based on linear regression analysis. In matrix notation, consider 

the regression model with   covariates and   observations (Lang, 2011) 

         (4.9) 

where the observed data             are explained by the covariates          
       

    

   
                with loading factors (or coefficients)            . The OLS estimate of   is 

the    that minimizes the sum of squares             , where    is the vector of residuals formed by  
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           (4.10) 

In the relationships (4.4) and (4.5) there is one or two coefficients to be estimated plus an 

intercept. When           the values belong to    hence no need for the   operator, and I 

only need one regression coefficient plus an intercept. Running a linear OLS regression in Excel 

using LINEST, the estimate of    is easily retrieved. The significance of     and     can be tested 

with an F-test, which is constructed as (Lang, 2011) 

     
     

 

     
            (4.11) 

for a sample with   observations and   restricted parameters and where      
2 is the sum of 

squared residuals for the restricted model19. For a one-parameter regression, a simpler version of 

(4.11) is 

     
   

     

 

 

  (4.12) 

where    is the standard error of the estimate    , i.e. the  th element in   . The  -value for the F-

statistic is computed as 

                   (4.13) 

The  -value gives the significance of the rejection of the null hypothesis that a regression 

coefficient equals zero. The test of hypotheses H.9.1 – H.9.2 requires a test if the positive and 

negative relation is symmetric. This means testing the   -value where the restricted model is given 

by (4.5) and the full model by (4.4). 

Hypotheses H.8.1 – H.8.3 are tested with a simple one-sided t-test. The t-statistic will tell if the 

return proxy is on average positive or negative. 

4.3 LIMITATIONS 

Concerning the backtesting, the greatest drawback is the limited length of the time series, and a 

                                                 
19 Restricting a model means doing the regression while leaving out the regression parameter of which the signifi-
cance is to be measured. 
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length of two or more years would have contributed to a more thorough analysis. A 99% 

confidence interval on 375 trading days should not produce many violations, why there is a 

weakness in the test of the hypotheses. 

When measuring the relationship between risk and return, it is important that the time series are 

from an underlying portfolio that is client driven, since it is the subject under study. Therefore, 

including more historical data than has been done would affect the entire research issue. For 

more information, see chapter 5. 

The risk-return model by Pettengill et al. (1995) is indeed quite a simple model. However, the 

purpose of this study is to unveil such a simple relationship. More elaborated models (like multi-

factor regression models) could give further information, but I choose a simple model out of 

parsimony and an ambition to reach as many readers as possible.  
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5 DATA 

This chapter presents the data used in the study. First the portfolios are described. Then the 

backtesting data followed by the risk-return tradeoff data are presented. 

5.1 PORTFOLIO DATA 

There are three portfolios treated in this paper: 

            

   A client driven trading portfolio where positions come from MM 
and CF. Includes simple stock options as well as stocks.  

   A client driven trading portfolio where positions come from CF and 
the Bank keeps a supply to increase client service. Includes ETFs as 
well as stocks as hedges.  

The financial instruments in the portfolios are close to exclusively traded on the Nasdaq OMXS 

Stockholm exchange. All portfolios       and    were used both for backtesting and for the 

risk-return tradeoff analysis. 

5.2 HISTORICAL DATA 

To be able to construct the primary data series’ (i.e. VaR and clean P&L) some underlying time 

series’ had to be completed. This task was accomplished using the Thomson Reuters Datascope. 

All time series’ could be completed using real data, i.e. there were no need to create artificial data 

by e.g. interpolation or regressions. The secondary data were provided by the Bank and consisted 

of  

1. Portfolio compositions and position information. 



 
 
 

A. BERGVALL | THE RISK-RETURN TRADEOFF IN A HEDGED, CLIENT DRIVEN TRADING PORTFOLIO 
 
 

32 

 

2. Positions’ underlying time series’. 

3. Time series of commission fees. 

4. P&L actual time series.  

5.2.1 Backtesting data 

The time period Q4 2011 – Q1 2013 was chosen for backtesting since it was the longest possible 

time period available.20 The period includes some volatile results from the proprietary trading 

period and an, in comparison, tranquil period when the trading activity at the Bank has been 

stabilized since the transformation from proprietary trading. The time series’ of VaR and clean 

P&L consist of 375 trading days. This length required that the historical underlying time series’ 

were approximately 625 days, since a one-year VaR was used. 

5.2.2 Risk-return tradeoff data 

In order to analyze the risk-return tradeoff, the time period of Q1 2012 – Q1 2013 was chosen. 

Since the purpose of the paper is to examine the tradeoff in a client driven trading book, it is 

important that the data reflects such a book. Figure 4 shows the daily (actual21) normalized P&L 

of portfolio    during the period Q4 2011 – Q1 2013 to illustrate the change in trading activity.  

 
Figure 4 – Actual P&L during Q4 2011 – Q1 2013  
The plot shows the change in volatility (hence change in trading activity) in portfolio    from Q4 2011 to the more 
tranquil period of 2012 and forward (dashed line being the year-end 2011/2012). The P&L series is normalized by 
its standard deviation to maintain anonymity.  

                                                 
20 Extending the time period backwards would have posed problems such as extrapolating underlying time series etc., 
as well as portfolio hierarchical problems. I deemed that the benefits did not correspond to the extra effort. 
21 Actual P&L is also referred to as dirty P&L. 
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Since Q1 2012 the P&L volatility has been stabilized in comparison to Q4 2011, suggesting that 

the activity indeed has become more client driven. Because of this, the data before Q1 2012 has 

been omitted in the analysis of the risk-return tradeoff.  

5.2.3 Commission time series 

The time series for commission revenues were constructed with the Excel add-in Essbase, an 

Oracle product designed for working with databases in Excel. All commission revenues that (i) 

originated from the sales trading desk or institutional trading desk and (ii) were marked as either 

“derivative” or marked as a share with a security name as an ETF22 were collected. This 

procedure gave commission time series’ corresponding to each of the portfolios       and   . 

Those dates where a commission value was negative were treated as cancellations. Consequently, 

a negative value on day   was added to the most recent positive value on day  , where    . 

5.2.4 Excluded data 

One trading day had to be omitted, namely June 18th 2012 due to corrupt position information. 

This means that neither a P&L nor a VaR is available at this day. The time series’ in the risk-

return tradeoff analysis consist of 310 trading days. 

The calculation of delta gamma Value at Risk on equity options close to maturity might cause 

problems. This problem occurred twice on November 15th 2012, where two long deeply out-of-

the-money close-to-maturity call options23 on OMXS30 returned a delta gamma VaR of null. 

However, omitting these positions was harmless, since they had a present value substantially 

equal to zero.   

5.2.5 Anonymization 

In order to not disclose any confidential data from the Bank, the P&L, VaR and commission 

series have been standardized by dividing all the series’ by the sample standard deviation of the 

clean (for backtesting analysis) or actual (for risk-return tradeoff analysis) P&L. To keep the 

portfolios’       interrelations in size and volatility etc., all results are divided with the sample 

standard deviation for portfolio   . This makes it easier to compare the results between the 

portfolios.  

                                                 
22 The ETFs in the book are SPOTR or XACT products, issued by SEB and Handelsbanken respectively. 
23 The maturities were November 16th, the strike prices were 1120 and 1140, and the spot price was 1038. 
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5.3 TOOLS AND IT  

The Bank provides a risk system developed by Algorithmica Research AB. The system offers the 

opportunity to calculate the delta-gamma VaR for any given portfolio, given that the historical 

data is correct. The system also produces clean and actual P&L.  

The algorithm constructing the primary data was created in the programming language Quantlab, 

a product of Algorithmica Research AB. The data were stored in databases for further analysis. 

The analysis of time series was performed with MS Excel and VBA. 
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6 RESULTS 

This chapter discloses the results of this study. First, brief results from the backtesting are 

presented ensuring that the risk proxy is well-behaved. Second, the results from the risk-return 

tradeoff analysis are presented.  

6.1 BACKTEST 

Table 1 contains the LLR statistics for the hypotheses H.1 – H.4 and portfolios      , using 

clean P&L as suggested by literature. Appendix A.1 contains a similar table but for dirty P&L, 

since FI prefers a backtest on both (see section 2.1). Appendix A.2 shows critical values for the 

LR statistics. Appendix A.3 contains visual representation of the backtesting, namely violation 

plots24, since visual representation can reveal more information than merely a LLR statistic.  

In Table 1, a great majority of the null hypotheses are not rejected (showing a sign of (   )). The 

results suggest that a VaR model with    0.94 or    0.97 is the better model. However it is 

hard to distinguish these two models since the LLR statistics have the same significance, and are 

about the same size, for all of the 3 4 hypotheses. Reviewing the table with dirty P&L in 

Appendix A.1 would favor a VaR model with    0.94, since    0.97 rejects one more 

hypothesis than    0.94, namely the hypothesis for unconditional coverage (LLRUC) in   . 

However this is a vague argument since the violation series’ on the dirty P&L are very miss-

behaved25. 

A VaR model with    1 have about the same test statistics for all tests, except for the duration-

based hypothesis (LLRDUR) where it even fails to create the ML estimates (showing the sign 

N/A). Examining the violation plots in Appendix A.3 also shows that the VaR model with    1 

have problems to adapt to changes in volatility. The VaR level quickly diminishes for    0.94 

                                                 
24 A violation plot shows the VaR and the P&L, with the violations marked up. 
25 The violation plots in Appendix A.3 show that the dirty P&L violates the VaR very often for    while the dirty 
P&L in    is very low and never violates. This is probably a cause of the intraday trading;    may have more 
intradaily executed trades on behalf of customers while    is consequently hedged to avoid P&L volatility. As a 
consequence,    has a dirty P&L which nets the effects of    and    and thus lies within the boundaries of 
expectation (i.e.    passes the backtests). 
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and    0.97, but for    1 it is higher throughout the trading year 2012. Evidently, the decay 

factor is important for having a VaR model that actually reflects the present risk level, and the 

choice of the best VaR model is between    0.94 and    0.97. 

Hypotheses H.1 – H.4 Test Results (clean P&L) 

   0.94   |   clean P&L 

  LLRUC LLRIND LLRCC LLRDUR  

    0.0179 (   ) 0.0865 (   ) 0.1043 (   ) 1.8731 (   )  

    0.3878 (   ) 0.1355 (   ) 0.5233 (   ) 1.4954 (   )  

    0.0179 (   ) 0.0865 (   ) 0.1043 (   ) 5.0532 (   )  

   0.97   |   clean P&L 

  LLRUC LLRIND LLRCC LLRDUR  

    0.1586 (   ) 0.0485 (   ) 0.2072 (   ) 1.0840 (   )  

    0.3878 (   ) 0.1355 (   ) 0.5233 (   ) 1.4954 (   )  

    0.3878 (   ) 0.1355 (   ) 0.5233 (   ) 4.2819 (   )  

   1   |   clean P&L 

  LLRUC LLRIND LLRCC LLRDUR  

    0.1586 (   ) 0.0485 (   ) 0.2072 (   ) 1.1772 (   )  

    0.9844 (   ) 0.0215 (   ) 1.0059 (   ) N/A  

    0.0179 (   ) 4.8971 (   ) 4.9150 (   ) 1.6819 (   )  

Table 1 – Hypotheses H.1 – H.4 test results (clean P&L). 
The table shows, for three different values of the decay factor  , the log likelihood ratio for each of the four 
hypotheses and for each of the three portfolios. The significance of the tests is shown in brackets, where the null 

hypothesis is rejected with a significance of 95% ( ), 99% (  ) or 99.9% (   ). No significance is represented by 

(   ), symbolizing an acceptance of the null hypothesis. N/A means that ML estimates are unavailable. 

Another decision parameter for the best model is the level of the VaR. Of two models with 

equally good coverage, one would favor the one with the lower VaR. A lower VaR results in a 

lower capital requirement of an IMA, if approved, since it is based on the rolling average of the 

recent VaR levels (remember section 2.1). Table 2 shows the mean VaR for the three different 

values of   and for the three portfolios. The mean VaR suggests that    0.94 gives the better 

model since it provides the same conditional coverage (as given by the LLR statistics in Table 1) 

with a lower mean VaR for portfolio   , which is the aggregate portfolio. 
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Average VaR 

    0.94    0.97    1 

   1.6470 1.6602 1.6872 

   0.8413 0.8242 0.8096 

   1.2403 1.2887 1.3520 

Table 2 – Average VaR. 
The table shows the average VaR, divided by the standard deviation of the clean P&L for    to keep the ratios 
comparable to each other and to maintain anonymity. The columns correspond to the three different decay factors, 
and the rows to the three different portfolios. 

Table 1 in combination with Table 2 favor the use of a VaR model with    0.94.   

6.2 THE RISK-RETURN TRADEOFF 

As mentioned in chapter 5, all calculations made henceforth are based on data from Q1 2012 – 

Q1 2013. All series are normalized with the sample standard deviation of the actual P&L of 

portfolio    for anonymization. 

6.2.1 Data displays 

Table 3 shows the mean, median and the sum of the time series’ under study in this paper. The 

mean of the return proxies are t-tested for the hypothesis    0, where the significance is 

reported in brackets.  

Portfolio     and    shows the same characteristics – a statistically insignificant but negative 

daily dirty P&L (i.e. the series   
 ), a significantly positive (level 99.9%) commission revenue series 

(i.e. the series     ) and an insignificant positive P&L plus commission revenues series (i.e. the 

series   
      ). In both these portfolios, the      exceeded the   

  resulting in a positive net 

result for the time period under study. 

In portfolio    all return proxies had significant means but with different levels. The average 

P&L was significantly negative (level 95%), the average commission revenues was significantly 

positive (level 99.9%) and the average P&L plus commission revenues was significantly positive 

(level 95%).  

In all portfolios the net return proxy   
       was positive, indicating that the overall negative 

P&L is covered for by the commission revenues. The median value in all return proxies in 

portfolio       indicates that there are some skew in the return distributions.  
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General Statistics for the Risk and Return Proxies 

Portfolio    Mean Median Sum 

  
  -0.0388 (   ) -0.0216 -12.0734 

     0.0815  (   )  0.0331 25.3458 

  
        0.0427 (   ) 0.0315 13.2724 

     1.6248                    1.3163 N/A 

    

Portfolio    Mean Median Sum 

  
  -0.0198 (   )   -0.0190 -6.1500 

     0.0397 (   )  0.0076 12.3524 

  
       0.0199 (   ) 0.0115 6.2024 

     0.8791           0.7709 N/A 

    

Portfolio    Mean Median Sum 

  
  -0.0190 (   ) -0.0183 -5.9234 

     0.0418 (   ) 0.0121 12.9934 

  
       0.0227 (   ) 0.0059 7.0700 

     1.2483        0.9290 N/A 

Table 3 – General statistics for the risk and return proxies. 
The table shows mean, median and the sum of the time series, when applicable. All series’ are normalized by the 
sample standard deviation of the series   

  for portfolio   . The mean of each series except the VaR is tested for 

the null hypothesis    0. The null hypothesis is rejected with a significance of 95% ( ), 99% (  ) or 99.9% (   ). 

No significance is represented by (   ).   

As a complement to the numbers in Table 3, Figure 5 shows the aggregated result (i.e. the 

aggregated daily results from Q1 2012) for P&L, commission revenues and the P&L plus 

commission revenues, for all three portfolios. The top left plot is portfolio   , where we can see 

that the net result was very volatile during 2012, but has had a positive trend since Q4 2012 to 

Q1 2013. It seems like the greatest losses appeared during the summer months (Q2-Q3 2012), 

but were eventually recovered. In the top right plot, showing   , we see that the P&L has a 

negative trend the entire time period and that the net result is exclusively positive. The 

commission revenues in both portfolios       seem not to vary a lot with time but are rather 

stable.  

From the bottom plot we see that the aggregate net result in portfolio    has been oscillating 

around zero during 2012, but seems to have been increasing steadily since Q1 2013. The volatility 

in the net result seems to be highly dependent on the volatility in the P&L series. 
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Figure 5 – Aggregated results for the period Q1 2012 – Q1 2013, portfolio      . 
The figures shows the aggregated P&L (dashed), aggregated commission revenues (dashed-dotted) and aggregated 
P&L plus commission revenues (solid). TOP LEFT: Portfolio   . TOP RIGHT: Portfolio     BOTTOM: 
Portfolio   . All series’ are normalized by the sample standard deviation of the P&L of portfolio   . 

6.2.2 The unconditional risk-return tradeoff 

Table 4 shows statistics for the unconditional risk-return tradeoff function, i.e. when the return is 

a simple linear function of the risk level expressed as the VaR. Consistent with previous research, 

I find no significant relation between the return and the risk, for none of the portfolios       . 

The relation is very weak in all portfolios; the P&L is negatively related to the risk in all portfolios 

      . The commission revenues are positively but weakly related to the risk in all the 

portfolios, while the P&L plus the commission revenues are negatively related to the risk in all 

portfolios       . The results are highly insignificant and as expected, with previous literature 

in mind (Pettengill et al., 1995), it is not possible to find a significant one-sided relation between 

the risk and the ex post returns.  
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Estimates of Slope Coefficients, Unconditional Relation 

                

   

 Portfolio        F-stat P-value 

        
  -0.0254 0.6574 (   ) 0.4181 

           0.0045 0.5415 (   ) 0.4624 

        
         -0.0210 0.4354 (   ) 0.5099 

   
 Portfolio        F-stat P-value 

        
  -0.0169 0.0728 (   ) 0.7875 

           0.0049 0.2526 (   ) 0.6156 

        
         -0.0120 0.0362 (   ) 0.8493 

   
 Portfolio        F-stat P-value 

        
  -0.0132 2.9347 (   ) 0.0877 

           0.0044 1.1445 (   ) 0.2855 

        
         -0.0088 0.9387 (   ) 0.3334 

Table 4 – Estimates of slope coefficients, unconditional relation. 
The table show the estimated slope coefficient     for portfolio       for three different return proxies. The 
regression equation is shown in the table header and the return proxy in the leftmost column. The significance of 

the slope coefficient is shown in brackets, where a significance of 95% is ( ), 99% is (  ) and 99.9% is (   ). No 

significance is represented by (   ).  

Figure 6 presents scatter plots to show the correlation between the return proxies and the risk. 

The top row belongs to   , the center row to    and the bottom row to   . The left plots show 

the relation between the risk and the P&L, the centered plots show the relation between the risk 

and commission revenues and the right plots shows the relation between risk and P&L plus 

commissions. The P&L shows that there seems to be a weak relation between higher risk and 

higher volatility – i.e. higher risk yields higher return in terms of absolute value. The commission 

series shows the highest results for low risk levels, but quite low results for high risk levels. This 

is rather counter-intuitive from a risk-return tradeoff point of view. The P&L plus commission 

revenues shows the same characteristics as the P&L; higher risk seems to yield higher return in 

terms of absolute value. 
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Figure 6 – Scatter plots of the risk and return proxies. 
TOP ROW: Portfolio   . CENTER ROW: Portfolio   . BOTTOM ROW: Portfolio   . LEFT COLUMN: Value 
at Risk and P&L. CENTER COLUMN: Value at Risk and Commission revenues. RIGHT COLUMN: Value at 
Risk and commission revenues plus P&L. 

6.2.3 The conditional risk-return tradeoff 

Table 5 shows the test statistics for the conditional risk-return tradeoff, i.e. when the return is 

related positively or negatively to the risk, conditioned on the sign of the ex post return. The 

series when         has been omitted here since          and conditioning on the sign of 

     would be the same as the unconditional risk-return relation in the previous section. 

The results show that in all portfolios        there was a significant relation (level 99.9%) 
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between the risk and return, both when the return is represented by the P&L and the P&L plus 

the commission revenues. These results point in the direction that conditioned on the ex post 

return, there exists a relation between high risk and high return in terms of absolute value. The 

size of     and     varies with the portfolios and the return proxies, but there seems to be a 

symmetry in the size of the two regression coefficients. 

Estimates of Slope Coefficients, Conditional Relation 

                             

 
Panel A: Up Portfolio  Panel B: Down Portfolio 

Portfolio        F-stat P-value      F-stat P-value 

       
  0.1992 57.2878 (   ) 0.4E-12  -0.2072 47.6036 (   ) 0.3E-10 

       
         0.2095 55.5939 (   ) 0.9E-12  -0.2054 51.6914 (   ) 0.5E-11 

        

 Panel A: Up Portfolio  Panel B: Down Portfolio 

Portfolio        F-stat P-value      F-stat P-value 

       
  0.4909 41.3322 (   ) 0.5E-09  -0.3171 78.6798 (   ) 0.5E-16 

       
         0.4299 52.3258 (   ) 0.4E-11  -0.3727 63.6196 (   ) 0.3E-13 

        

 Panel A: Up Portfolio  Panel B: Down Portfolio 

Portfolio        F-stat P-value      F-stat P-value 

       
  0.1073  9.8414 (   ) 0.0019  -0.0206 70.9497 (   ) 0.1E-14 

       
         0.0380 37.4813 (   ) 0.3E-08  -0.0608 15.6681 (   ) 0.9E-04 

Table 5 – Estimates of slope coefficients, conditional relation. 
Panel A (B) shows the slope coefficient for periods of positive (negative) ex post portfolio returns. The F-statistic 
and the  -value of the coefficients are provided. The regression equation is displayed in the table header, and the 
return proxy in the leftmost column. The significance of the tests is shown in brackets, where a significance of 95% 

is ( ), 99% is (  ) and 99.9% is (   ). No significance is represented by (   ). 

6.2.4 The positive risk-return tradeoff 

From Table 3 we learnt that the average return proxies in portfolio        were only 

significantly different from zero for commission revenues in portfolio       but significantly 

(on different levels) different from zero for all risk proxies in   . Remember the two conditions 

formulated by Pettengill et al. (1995); the average return must be positive and the systematic 

relationship (Table 5) shown between risk and return must be symmetrical.  

Table 3 unveils that there cannot be a positive risk-return tradeoff neither for the P&L nor for 

the P&L plus the commission revenues in portfolio      . Neither can there exist a positive 
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risk-return tradeoff for the commission revenues only, since there was an insignificant, yet 

positive, relation between risk and return in the unconditional risk-return relationship (Table 4). 

For portfolio   , we also know from Table 4 that there is no significant relation between the risk 

and commission revenues only. Table 3 shows that the P&L in    is significantly (level 95%) 

negative, while the combined P&L and commission revenues are significantly (level 95%) 

positive. Table 6 shows the test statistics for symmetry in the conditional risk-return relation for 

portfolio      . The tests reveal that the symmetry concerning the P&L and the P&L plus 

commission revenues cannot be rejected in portfolios      , and the symmetry in P&L plus 

commission revenues cannot be rejected in   . The symmetry in the risk-return relation for the 

P&L can be rejected in    at the level of 99.9%.  

 Symmetry in the Systematical Relationship Between Risk and Return  

                         

  
 

 
Portfolio        F-statistic P-value 

        
  -0.2034 (   ) 0.0268 0.8701 

        
         -0.2074 (   ) 0.0069 0.9337 

 
    

 
Portfolio        F-statistic P-value 

        
  -0.3976 (   ) 3.5357 0.0610 

        
         -0.4004 (   ) 0.3784 0.5389 

 
    

 
Portfolio        F-statistic P-value 

        
  -0.0452 (     ) 27.3051 0.3E-06 

        
         -0.0491 (   ) 1.9871 0.1597 

Table 6 – Symmetry in the systematical relationship between risk and return. 
The table shows the value of the slope coefficient when the regression equation in the table header is used. Here it 
means that the same coefficient is used for both positive and negative portfolio ex post returns. The F-statistics 
and  -values for two different return proxies are provided. The significance of the hypothesis test is shown in 

brackets, and the hypothesis that        is rejected with a significance of 95% ( ), 99% (  ) or 99.9% is (   ). 

No significance is represented by (   ). 
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7 DISCUSSION 

The aim of this study was to determine whether or not the so called risk-return tradeoff exists in 

a client driven trading portfolio, as opposed to a proprietary trading portfolio or market porfolio. 

A new approach in this paper was to use the Value at Risk as the risk proxy, instead of the 

market beta or variance as most of earlier studies use. An argument for the use of VaR was that it 

is often monitored by financial institutions and continously reported to the Swedish FSA.  

The first goal in this paper was to, by backtesting methodologies, choose an appopriate VaR 

(with respect to the decay factor  ) model which satisfies the regulatory requirements of a VaR 

model. These requirements are found in chapter 2. The hypotheses tested for the VaR model to 

be well-behaved, i.e. appopriate, were 

H.1  The unconditional coverage rate is  .  

H.2  The violations    (   1,   ) are independent of each other.  

H.3  The unconditional coverage rate is   and the violations    (   1,   ) 
are independent of each other. 

H.4  The durations between the days of violations are independent,  
and the coverage rate is  . 

The hypotheses were tested using log likelihood ratio statistics, as described in chapter 4. A VaR 

model that fulfills H.1 – H.2 covers the most basic characteristics, while H.3 – H.4 are more 

elaborated tests. All hypotheses H.1 – H.4 were tested on portfolio       for three different 

levels of decay factors. A summary of the hypotheses for the best performing decay factor,    

0.94, are displayed in Table 7. The columns correspond to the different portfolios, the rows to 

the different hypotheses and each value is given as the significance of rejection of the null 

hypothesis H.1 – H.4. The hypotheses was backtested on the clean P&L (left of the slash) and 

the dirty P&L (right of the slash). The clean P&L (which is really what the ex ante VaR is 

predicting) performs well and the null hypothesis can only be rejected in one of the 3 4 

hypotheses, in one of the subportfolios. The dirty P&L performs well on the aggregate portfolio 

   but very bad on portfolio       . This is a consequence of the trading activity in the 
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subportfolios, where the activity in    is quite high and dependent on incoming orders, while    

is constantly hedged and re-hedged to avoid volatility in the P&L (see the plots in Appendix A.3 

for more information on the P&L). One might argue that the aggregate result (in portfolio   ) 

passes the backtest by chance. 

Hypotheses H.1 – H.4 Summarized 

 
Hypothesis                        

 

 H.1 (   ) / (   ) (   ) / (   ) (   ) / (   )  

 H.2 (   ) / (   ) (   ) / (   ) (   ) / (   )  

 H.3 (   ) / (   ) (   ) / (   ) (   ) / (   )  

 H.4 (   ) / (   ) (   ) / (   ) (   ) / (   )  

Table 7 – Hypotheses H.1 – H.4 summarized. 
Hypotheses results for (clean) / (dirty) P&L. H.1 tests the unconditional coverage. H.2 tests the independence 
amongst violations in two successive days. H.3 tests H.1 and H.2. combined. H.4 tests the indepence in longer time 

periods, as well as the unconditional coverage. The null hypothesis is rejected with a significance of 95% ( ), 99% 

(  ) or 99.9% is (   ). No rejection is represented by (   ), symbolizing an acceptance of the null hypothesis. 

Overall, the hypotheses H.1 – H.4 reveal that a VaR model with a decay factor of 0.94 provides a 

model which produces a fair amount of violations (H.1), avoids clustering violations between two 

successive days (H.2), produces a fair amount of violations and avoids clustering violations 

between two successive days (H.3), and finally produces a fair amount of violations and avoids 

clustering between non-successive days (H.4). The null hypothesis cannot be rejected in 11/12 

hypotheses for the clean P&L, and in 4/12 hypotheses for the dirty P&L.   

The second and main goal of this paper was to study the risk-return tradeoff. As opposed to 

much of earlier research (cf. Fama & French, 1992; Ghysels et al., 2004), the goal was not to find 

a predicitve relation but a causal relation if a higher risk historically has been rewarded with a 

higher return. The risk proxy was the VaR and three return series were tested; dirty P&L, 

commission revenues and dirty P&L plus commission revenues. The reason for this was to see if, 

in some sense, the assumed negative P&L of the client driven trading was compensated with 

commission revenues. 

Following the conditional risk-return relationship provided by Pettengill et al. (1995), the first 

step was to determine if there exists a systematical relationship between risk and return. In this 

context, this meant that conditioned on the sign of the ex post return, is the absolute value of the 

return higher if the risk is higher? The hypotheses that were tested was   
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H.5  There exists a positive relation between the actual P&L and VaR in an up 
portfolio, and a negative relation in a down portfolio. 

 

H.6  There exists a positive relation between the commission revenues and VaR.  

H.7  There exists a positive relation between the actual P&L plus commission 
revenues in an up portfolio, and a negative relation in a down portfolio. 

 

H.5 and H.7 are very similar since these two metrics belong to  . Since the commission revenues 

alone belong to   , there was no need to test for the inverse (conditional) relation in a down 

portfolio. Table 8 shows the results of hypotheses H.5 – H.7. Hypothesis H.6 tells that there is 

no significant relation between commission revenues and risk as one could have expected. For 

the P&L and the sum of P&L and commission revenues there was a significant systematic 

relationship for all portfolios.   

Hypotheses H.5 – H.7 Summarized 

Hypothesis             

 H.5 (   ) (   ) (   )  

 H.6 (   ) (   ) (   )  

 H.7 (   ) (   ) (   )  

Table 8 – Hypotheses H.5 – H.7 summarized. 
H.5 tests the conditional risk-return relationship for the dirty P&L. H.6 tests the risk-return relationship for the 
commission revenues alone. H.7 tests the conditional risk-return relationship for the dirty P&L plus the 

commission revenues. The significance of the hypothesis test is shown in brackets, with a significance of 95% ( ), 

99% (  ) or 99.9% is (   ). No significance is represented by (   ). 

The second step for a risk-return tradeoff to exist was to test if the systematic relationship was 

symmetrical and if the ex post returns on average were positive (positive tradeoff) or negative 

(negative tradeoff). The hypotheses to be tested were 

H.8  The average value of the  

  H.8.1 actual P&L differ from zero.  

  H.8.2 actual P&L plus the commission revenues differ from zero.  

  H.8.3 commission revenues differ from zero.  
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H.9  The systematic relationship between risk and return is symmetrical for the   

  H.9.1 actual P&L.  

  H.9.2 actual P&L plus the commission revenues.  

Note that H.9 does not contain a test for systematic relationship for commission revenues since 

this series belong to   . If H.8 cannot be rejected, then the average return proxy is positive or 

negative, depending on the t-statistic of the t-test. Table 9 displays the outcome of H.8, where the 

superscript (   ) tells if the average is significantly positive or negative. Not surprisingly, the 

commission revenues were on average significantly  positive in all portfolios. The P&L and P&L 

plus commission revenues could not be distinguished from zero in portfolio    and   . In 

portfolio    the average P&L was negative (level 95%) and the average P&L plus commission 

revenues was on average positive (level 95%). 

Hypothesis H.8 Summarized 

Hypothesis                            

 H.8.1 (   )        (   )        (   )        

 H.8.2 (   )        (   )       (   )       

 H.8.3 (   )     (   )     (   )      

Table 9 – Hypothesis H.8 summarized. 
H.8.1 tests if the P&L differ from zero. H.8.2 tests if the P&L plus the commission revenues differ from zero. 
H.8.3 tests if the commission revenues differ from zero. The superscript tells which sign the significant average 

has. The significance of the hypothesis test is shown in brackets, where a significance of 95% is ( ), 99% is (  ) 

and 99.9% is (   ). No significance is represented by (   ). 

Table 10 shows the outcome of H.9, i.e. the test of symmetry in the systematical relationship 

between risk and return for P&L (H.9.1) and P&L plus commission revenues (H.9.2). 

Hypothesis H.9 Summarized 

Hypothesis            

 H.9.1 (     ) (     ) (   )  

 H.9.2 (     ) (     ) (     )  

Table 10 – Hypotheses H.9 summarized. 
H.9.1 tests if the systematic risk-return relationship is symmetrical for P&L. H.9.2 tests if the systematic risk-return 
relationship is symmetrical for P&L plus commission revenues. The significance of the hypothesis test is shown in 

brackets, and the null hypothesis holds with a significance of 95% ( ), 99% (  ) or 99.9% is (   ). No significance 

is represented by (   ). 
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The only insignificant test result was the risk-return relationship for P&L in portfolio   , telling 

that there is no significant symmetrical risk-return relationship. For the other portfolios, both the 

P&L and P&L plus commission revenues shows a symmetrical risk-return relation (level 99.9%). 

Table 9 and Table 10 taken together suggest that there is only one portfolio where I have found a 

significant result for a risk-return tradeoff. This is for the P&L plus commission revenues in 

portfolio   , saying that there is a positive risk-return tradeoff since the return is on average 

positive (level 95%), and the systematic risk-return relationship is symmetric with a significance 

level of 99.9%.  

For portfolio    and    I have shown that the P&L and the P&L plus the commission revenues 

does not statistically differ from zero. However, in these portfolios there is a symmetrical risk-

return relation, meaning that if only the result had been significantly positive, a positive risk-

return tradeoff would exist. In    the P&L was significantly negative, but the risk-return 

relationship was not symmetrical, rejecting the possibility of a negative risk-return tradeoff. 

The average commission revenues was naturally significantly positive in all portfolios. However, I 

could not find support for carrying more risk yields higher commission, or rather the opposite – 

that higher commission revenues yields higher risk. An explanation of this could be that the risk 

of commission-generating positions are effectively and instantly hedged (intraday) and the risk is 

controlled.  
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8 CONCLUSIONS 

In this study, my ambition was to contribute with a study verifying whether or not the risk-return 

tradeoff exists in a client driven trading environment, with Value at Risk as the risk proxy. My 

results show that such a positive risk-return tradeoff does not unequivocally exist in a client 

driven trading portfolio. Studying three portfolios, one CF/MM portfolio, one CF portfolio and 

one portfolio which aggregates these two, I only found evidence of a positive risk-return tradeoff 

in the CF portfolio (  ) using P&L plus commission revenues as the return proxy. This finding is 

supported by the results that there exists a symmetrical systematic relationship between risk and 

return, and that the return was on average significantly positive. 

In the combined portfolio (  ) I found evidence of a symmetrical systematic relationship 

between risk and return, using both P&L and P&L plus commission revenues as return proxy. 

This relationship was also found in the CF/MM portfolio (  ). Quite surprisingly, not in any 

portfolio a significant relation between the risk level and commission revenues was found.  

I have also shown that neither the average P&L nor the average P&L plus commission revenues 

significantly differed from zero in the combined and in the CF/MM portfolio. A consequence of 

this finding is that the risk-return tradeoff does not exist in these portfolios. However, on a time 

period of five quarters (Q4 2011 – Q1 2013) these return proxies were positive with quite a good 

margin and in a longer run the average might well differ from zero. The P&L in the CF portfolio 

was significantly negative, while the P&L plus commission revenues were significantly positive.  

Overall, one of my conclusions is that higher risk leads to higher absolute return. The risk-return 

relationship is symmetrical, but the failure to find a significant positive return prevents me from 

drawing the conclusion that a positive risk-return tradeoff exists explicitly. However, it seems like 

the (hypothetically) negatively biased P&L of being a client trader is compensated by commission 

revenues since the net result is positive. 

8.1 FURTHER RESEARCH 

As this thesis, as a case study, has limited generalizability, a natural extension of this study would 

be to do similar analyses in other client driven trading books. The client driven trading is quite a 

new business area and the risk-return tradeoff is always interesting, or as Ghysels et al. (2004, p.1) 



 
 
 

A. BERGVALL | THE RISK-RETURN TRADEOFF IN A HEDGED, CLIENT DRIVEN TRADING PORTFOLIO 
 
 

50 

 

put it, it is “[…] the first fundamental law of finance”. Another interesting study would be to extend 

the time sample (if possible) and segment the time periods into subperiods to find cyclical or 

seasonal patterns. For example, the summer months (Q2-Q3 2012) in this study seemed to 

produce quite a poor P&L. An extended time sample could also have effect on the significance of 

the return. 

A weakness of this study is the use of Value at Risk as the risk proxy, since I have not found any 

earlier research proxying the risk with this metric. Nevertheless as I have already stated, the VaR 

is nothing but a scaling of the standard devation, hence not so far away from neither the beta nor 

the variance, as frequently used by other researches. To strengthen this claim, a study on the risk-

return tradeoff with VaR as the risk proxy and the conditional mean as the return proxy would 

have been interesting.  

A subject that I have not had time to investigate further but which would have been interesting 

to study is the hedging strategies in the client driven trading. Not hedging at all could be regarded 

as speculative (hence proprietary) trading by legislations (Duffie, 2012), but different strategies 

could hedge different instruments to a certain amount. This increases the risk, but could also 

change the behavior of the P&L and hence the profitability. The goal is not always to minimize 

the risk, but to keep it under control. Another related research topic would be to include intraday 

risk in one way or another, since this study has only focused on the EoD market state and 

positions. 

From an economic point of view, an extended study where all costs and incomes were included 

could give a better picture of the profitability of a client driven trading unit. However, a difficulty 

in such a study would be to account for the effect that some client driven trades are executed 

only as a service for existing clients that are involved in other business areas of the bank, but 

could perhaps be unfavorable for the bank.   
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APPENDIX A 

A.1 BACKTESTING RESULTS 

 
 
 
 

Hypotheses H.1 – H.4 Test Results (dirty P&L) 

   0.94   |   dirty P&L 

  LLRUC LLRIND LLRCC LLRDUR  

    3.6949 (   ) 0.3498 (   ) 4.0447 (   ) 4.9714 (   )  

    83.0796 (   ) 1.6737 (   ) 84.7533 (   ) 77.1870 (   )  

    N/A N/A N/A N/A  

   0.97   |   dirty P&L 

  LLRUC LLRIND LLRCC LLRDUR  

    5.3616 (   ) 0.4439 (   ) 5.8055 (   ) 5.0042 (   )  

    70.0401 (   ) 0.9964 (   ) 71.0364 (   ) 64.4417 (   )  

    N/A N/A N/A N/A  

   1   |   dirty P&L 

  LLRUC LLRIND LLRCC LLRDUR  

    0.3878 (   ) 0.1355 (   ) 0.5233 (   ) 0.1633 (   )  

    87.5656 (   ) 0.4473 (   ) 88.0129 (   ) 81.4571 (   )  

    N/A N/A N/A N/A  

Table A.1 – Hypotheses H.1 – H.4 test results (dirty P&L). 
The table shows, for three different values of the decay factor  , the log likelihood ratio for each of the four 
hypotheses and for each of the three portfolios. The significance of the tests is shown in brackets, where the null 

hypothesis is rejected with a significance of 95% ( ), 99% (  ) or 99.9% (   ). No significance is represented by 

(   ), symbolizing an acceptance of the null hypothesis. N/A means that ML estimates are unavailable and/or that 
no violations were observed. 
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A.2 CRITICAL VALUES 

 
 

Critical     
  Values for H.1 – H.4 

 LLRUC LLRIND LLRCC LLRDUR 

0.95 3.8415 3.8415 5.9915 3.8415 

0.99 6.6349 6.6349 9.2103 6.6349 

0.999 10.8276 10.8276 13.8155 10.8276 

df 1 1 2 1 

Table A.2 – Critical    
  values for H.1 – H.4. 

The critical values are the right-most percentiles from a Chi Square distribution with as many degrees of freedoms 
as specified in the theoretical chapter for each LLR.   
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A.3 VISUAL REPRESENTATION OF BACKTESTING 

 
Portfolio    

  
   0.94    0.94 

  
   0.97    0.97 

  
   1    1 

Figure A.1 – Violation plots for portfolio   .  
LEFT: VaR and clean (negative) P&L for different  .  RIGHT: VaR and dirty (negative) P&L for different  . The 
expected coverage rate is 99%.   
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Figure A.2 – Violation plots for portfolio   .  
LEFT: VaR and clean (negative) P&L for different  .  RIGHT: VaR and dirty (negative) P&L for different  . The 
expected coverage rate is 99%.   
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Figure A.3 – Violation plots for portfolio   .  
LEFT: VaR and clean (negative) P&L for different  .  RIGHT: VaR and dirty (negative) P&L for different  . The 
expected coverage rate is 99%.   
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