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Abstract

The demand for sustainable investments has seen an increase in recent years. There

is considerable literature covering backtesting of the performance and risk of socially

responsible investments (SRI) compared to conventional investments. However, litera-

ture that models and examines the risk characteristics of SRI compared to conventional

investments is limited. This thesis seeks to model and compare the risk of mutual

funds scoring in the top 10% in terms of sustainability, based on Morningstar Portfo-

lio Sustainability Score, to those scoring in the bottom 10%. We create one portfolio

consisting of the top 10% funds and one portfolio consisting of the bottom 10%, for

European and global mutual funds separately, thus in total creating 4 portfolios. The

analysis is based on data of the funds’ returns and Morningstar Portfolio Sustainability

Scores during December 2015 to August 2019. Investigating several GARCH models,

we find an ARMA-GARCH model with skewed Student’s t-distribution as innovation

distribution to give the best fit to the daily log-returns of each portfolio. Based on the

fitted ARMA-GARCH models with skewed Student’s t-distribution, we use a para-

metric bootstrap method to compute 95% confidence intervals for the difference in

long-run volatility and value at risk (VaR) between the portfolios with high and low

Morningstar Portfolio Sustainability Scores. This is performed on the portfolios of Eu-

ropean and global funds separately. We conclude that, for global and European funds

respectively, no significant difference in terms of long-run volatility and VaR is found

between the funds in each of the 10% ends of the Morningstar Portfolio Sustainability

Score.

Keywords: GARCH, Time Series, Volatility, Value at Risk, Sustainable Invest-

ments
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Riskmodellering av h̊allbara fonder

med GARCH-tidsserier

Sammanfattning

Efterfr̊agan av h̊allbara investeringar har ökat kraftigt de senaste åren. Det finns

många studier som genomför backtesting av h̊allbara investeringars avkastning och

risk jämfört med konventionella investeringar. Färre studier har däremot gjorts för

att modellera och jämföra investeringarnas riskegenskaper. Denna uppsats syftar till

att modellera risken av h̊allbara investeringar genom att jämföra de 10% fonder med

högst Morningstar Portfolio Sustainability Score mot de 10% fonder med lägst score.

Jämförelsen görs separat för globala fonder och europeiska fonder, vilket resulterar

i totalt 4 portföljer. Analysen baseras p̊a data p̊a fondernas avkasting och Morn-

ingstar Portfolio Sustainability Score under tidsperioden december 2015 till augusti

2019. Genom att undersöka flera olika GARCH-modeller, kommer vi fram till att

en ARMA-GARCH-modell med skev t-fördelning bäst beskriver den dagliga logarit-

merade avkastningen för varje portfölj. Baserat p̊a de anpassade ARMA-GARCH-

modellerna, används en ”parametric bootstrap”-metod för att beräkna 95%-iga kon-

fidensintervall för skillnaden i l̊angsiktig volatilitet och value at risk (VaR) mellan

portföljerna med högt och l̊agt Morningstar Portfolio Sustainability Score. Detta görs

separat för de europeiska och globala fonderna. V̊ar slutsats är att det, för globala och

europeiska fonder, inte r̊ader en signifikant skillnad i l̊angsiktig volatilitet eller VaR

mellan fonder med högt och l̊agt Morningstar Portfolio Sustainability Score.

Nyckelord: GARCH, Tidsserie, Volatilitet, Value at risk, H̊allbara investeringar
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1. Introduction

1.1 Background

Sustainability is a topic that has become increasingly relevant in recent years. In

2015, the Paris Agreement and the 2030 Agenda for Sustainable Development were

adopted. The Paris Agreement aims to keep the global average temperature increase

to well below 2◦C above pre-industrial levels, and the 2030 Agenda is a worldwide

commitment to achieve sustainable development and eradicate poverty by 2030.

Today, it is crucial for companies to address sustainability issues such as ecological

impacts, business ethics, product quality & safety, human rights, and working condi-

tions in their business, not only in order to keep attracting customers and suppliers,

but also in order to protect themselves from future regulations and reputational risks.

An increased focus has been put on how the companies manage their environmental,

social and governance (ESG) risks.

As awareness of ESG issues has increased, there is a growing demand for investing in

companies that recognize these issues and actively try to mitigate them. To address

this demand, many fund managers now offer mutual funds with sustainability criteria,

e.g. applying negative screens to exclude companies involved in fossil fuel, gambling,

tobacco and other controversial industries or using positive screens to select compa-

nies doing good in regard to different ESG aspects. Furthermore, the Morningstar

Sustainability Rating was introduced in 2016, rating mutual funds based on how they

meet ESG challenges.

This thesis is written in collaboration with the Asset Management department of Sven-

ska Handelsbanken. Handelsbanken is one of the leading asset managers in the Nordic

region, with SEK 639 billion in fund volume under management. Sustainability is a

large focus area in its operations as well as in its investments. Handelsbanken aims to

fulfill the increase in demand for sustainable investment alternatives. In its Sustain-

ability Report 2019, it mentions that it has the largest amount of assets managed in

sustainable funds in Europe [1]. In fact, 90% of its total fund volume is managed with

its enhanced sustainability criteria, excluding the sectors fossil fuels (oil, gas and coal),

weapons & military equipment, tobacco, alcohol, cannabis, and commercial gambling.

It also excludes companies deemed to be in breach of international norms and con-
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ventions regarding for example the environment, climate, human rights, corruption

and working conditions. Handelsbanken continuously seeks to improve its knowledge

regarding sustainable investments. Thus, it has provided us with mutual fund data

from Morningstar for conducting an analysis of the risk characteristics of sustainable

and non-sustainable mutual funds.

1.2 Aim of Study

The aim of this study is to increase the knowledge regarding the risk associated with

sustainable mutual funds by comparing them with non-sustainable ones, during the

time period December 2015 to August 2019. Sustainable funds in this context refer

to funds that have a high Morningstar Portfolio Sustainability Score, which takes all

three dimensions of ESG (environmental, social and governance) into consideration.

In consequence, this will provide useful information for Handelsbanken Asset Man-

agement regarding the risk associated with sustainable mutual funds. Furthermore,

investors can benefit from this knowledge when making future investment decisions.

We believe this knowledge to be of great importance due to the rapid increase in

demand for sustainable investments.

1.3 Research Question

In this thesis, we study the risk of global and European mutual funds. We use the

Morningstar Portfolio Sustainability Score to classify the mutual funds as sustain-

able and non-sustainable, with the sustainable funds being the funds with a top 10%

Morningstar Portfolio Sustainability Score in its category (global or European), and

the non-sustainable funds being those with a bottom 10% score. By creating four

different portfolios, based on category and sustainability criteria, we model the log-

returns of the portfolios in order to answer the two research questions below.

• Which GARCH model gives the best fit to the log-returns of global and European

sustainable and non-sustainable mutual funds, respectively?

• What information do these fitted models give us regarding the risk associated

with sustainable mutual funds, compared to non-sustainable mutual funds, in

terms of long-run volatility and value at risk?

1.4 Purpose

The current literature covering the risk of sustainable funds compared to non-sustainable

funds is rather inconclusive. We have thus identified a need for further clarification as

to whether the risk is affected when choosing to invest in sustainable mutual funds.

Furthermore, the Paris Agreement and the 2030 Agenda for Sustainable Development
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were both adopted in 2015, whereby the focus on sustainability increased significantly.

It is therefore valuable to perform an analysis on the most recent data available, in

particular data following the year 2015.

Furthermore, the vast majority of existing literature have focused on pure backtest-

ing methods when comparing risk between sustainable and non-sustainable invest-

ments, whereas this thesis aims to model the risk. Moreover, the studies that have

been conducted on estimating GARCH models in sustainability contexts have, to our

knowledge, not been used to compare the risk of mutual funds, but rather stocks or

indices. Thus, this thesis will add knowledge to the area of sustainable investments

by analyzing mutual funds.
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2. Literature Review

For the past few decades there has been an ongoing debate regarding the performance

and risk of socially responsible investments (SRI), also known as sustainable, socially

conscious, ethical, or green investments. Do they yield higher risk and/or reward,

or vice versa? Many international studies have been conducted, covering different

markets and different asset classes. The empirical evidence arrive at different answers

to the question, where some results show that there is no significant difference in regard

to risk and return, and others conclude the opposite. In this section, we will mainly

review a selection of papers examining the risk associated with SRI, relevant to the

scope of this thesis.

What Can Be Said Regarding the Risk and Performance of SRI?

Among the studies that have been conducted regarding the performance of SRI, a ma-

jority of them have had their main focus on estimating and reporting the performance

in terms of returns, and only a few have explicitly focused on estimating the risk in

terms of e.g. standard deviation, beta, value at risk, or expected shortfall. Hamilton

et al. (1993) compared the performance of socially responsible funds (SRF) to conven-

tional ones during the period 1981 to 1990 [2]. They wanted to answer the question of

whether it is possible to do well while doing good. In other words, can you expect a

good performance, in terms of risk-adjusted returns, while having a socially responsi-

ble investing philosophy? No evidence that SRF would perform better or worse than

conventional funds were found. Similar studies have arrived at the same conclusion

[3][4][5].

In a more recent study, Chang and Witte (2010) revisited the study by Hamilton et al.,

where they compared US SRF to conventional ones using 15 years of data on domestic

stock funds, international stock funds, balanced funds, and fixed-income funds [6].

Their findings in regard to risk-adjusted returns contradicted those of Hamilton by

indicating that SRF performed worse than conventional funds. However, they also

looked at other characteristics of SRF. They measured the risk of the funds in terms

of standard deviation (stand-alone risk) and beta (systematic risk). The results were

somewhat mixed when measuring over the different fund categories. However, when

looking at the full sample across all categories, SRFs exhibited lower risk compared
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to conventional ones in terms of systematic risk when looking at a 3-year period, and

lower standard deviation when looking at 3- and 5-year periods. Climent and Soriano

(2011), who looked at green, SRI, and conventional mutual funds in the US during

the period 1987 to 2009 [7], found that SRI funds had the smallest systematic risk

out of the different fund categories, supporting Chang and Wittes findings. However,

the green funds, which can be seen as a subset of socially responsible funds, had the

highest risk.

In a study by Ibikunle & Steffen (2017), the risk-adjusted returns of European and

global green, conventional, and black equity funds were investigated using monthly

data during the time span 1991 to 2014 [8]. The green funds were classified as funds

with policies towards environmentally friendly goals, as opposed to black funds which

were classified as funds investing mainly in equity related to fossil energy and natu-

ral resources. They found that, during the time span, green mutual funds had the

worst performance out of the three categories in terms of risk-adjusted returns, and

a higher annualized standard deviation compared to conventional funds. The results

support the findings of Climent and Soriano. Ibikunle & Steffen believe that the higher

volatility and inferior risk-adjusted returns of the green funds could be explained by a

restricted investment universe following narrower investment policies. However, they

also found that the difference seemed to diminish with time, when looking at shorter

intervals closer to 2014.

In a meta-analysis made in 2015 by Revelli & Viviani, 190 international experiments

(between the years 1972-2012) in the field of SRI were aggregated. They identified

that globally, there is no real cost or benefit to SRI [9]. However, they argue that the

level of performance clearly depends on the chosen methodology in the studies. In

regard to the performance of socially responsible portfolios, mutual funds, and indices

versus conventional ones, Revelli & Viviani give two main theoretical foundations to

explain the difference in their performance: the cost of constructing portfolios and

the degree of portfolio diversification. They argue that it comes down to the fund

managers’ abilities of choosing assets, diversifying their portfolio, defining strategy,

and minimising the universe selection cost and active management costs.

How Can One Compare the Results?

Two important aspects to consider when interpreting the empirical results of studies

made on SRI are 1) how the level of sustainability was measured and 2) how the

selection process was conducted when choosing the subset of socially responsible in-

vestments to examine. In a critical review of SRI by Renneboog et. al (2008), four

generations of socially responsible screening were identified [10]. The first generation,

which has been the most used throughout history, is to apply a negative screen, which

means that an investor excludes companies operating with e.g. alcohol, tobacco or

nuclear production. In 2003, funds applying this screening process accounted for $2

trillion out of $2.3 trillion in SRI assets in the US. More recently, investors have started
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to also look for firms with positive impact on ethical aspects such as corporate gover-

nance, labor relations, and the environment, among others. By ranking the companies

by such criteria and picking the best ones among certain industries, i.e. using the ”best

in class” approach, we identify the second generation of socially responsible investing.

An investor can also combine the two types of screens, which is what is referred to

as the third generation. The fourth generation combines the third generation with

shareholder activism.

Morningstar Sustainability Rating

The Morningstar sustainability score rates mutual funds and exchange traded funds

(ETF) from a high to low rating, depending on how they meet different ESG criteria.

The funds are assigned globes on a scale from one to five based on their score, which

is calculated relative to their Morningstar category peers. One globe indicates a low

rated fund in terms of sustainability, and five indicates a high. Morningstar’s score

can thus be a good instrument for comparing high scoring funds to low scoring ones

within a certain category, to answer the question whether screening for SRI improves

or worsens the performance.

Santomil et. al. (2019) looked at funds within the investment area of Euroland, Europe

and Europe ex-UK having a Morningstar ESG score in the years 2016-2018 [11]. By

dividing the funds into two portfolios (High ESG score, Low ESG score) based on the

funds’ rating in comparison to the median value of all funds, they compared the risk

and return of these portfolios. To measure the risk, the tail risk was considered by

calculating VaR for a 95% confidence level. Results indicated that funds with high

ESG score displayed significantly less tail risk (i.e. lower VaR), thus being better

protected from extreme losses. Contrary to these results, Steen et. al. 2019 found

no evidence of a difference between high and low rated funds in terms of volatility by

looking at the Morningstar ESG score, thus implying no current rewards from screening

for sustainability (using Morningstar’s definition) [12]. Their study examined 146

Norwegian mutual funds during 2014-2018 with a Morningstar Sustainability Rating

(the funds were domiciled in Norway, however it does not imply that they limited their

investment area to only Norway) and used the Oslo Stock Exchange Fund Index as a

benchmark.

GARCH Modeling of Risk in SRI

A large quantity of studies have been published in the field of SRI, and the majority

of them have been focusing on backtesting historical data in order to answer ques-

tions regarding the performance. On the contrary, only a few studies have actually

attempted to model the risk dynamics of socially responsible investments.

In 2014 Sadorsky attempted to model the dynamics between the Dow Jones Sus-

tainability Index (DJSI) and two commodities, gold and oil [13]. By using weekly
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log-returns ranging from 1998 to 2012, multivariate GARCH models were fitted in

order to generate dynamic conditional correlations, hedge ratios and optimal portfo-

lio weights between the index and commodities. For comparison, the same was done

for the SP500 index. Sadorsky could find no significant difference between DJSI and

SP500 in regard to either one of the metrics mentioned. Sudah (2015) conducted a

study on three different indices on the Indian stock market, namely the SP ESG India,

the CNX Nifty index, and the CNX 500 index, where the last two are broad market

indices and the first a representation of the 50 companies in India scoring best in re-

gard to ESG performance parameters [14]. By modeling the daily log-returns using the

TGARCH(1,1) model and comparing the ”TGARCH” coefficient of the three different

indices, he drew the conclusion that the sustainability index was less volatile than the

Nifty index in periods of downward market trend.
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3. Theoretical Framework

3.1 Time Series Modeling

In order to get an understanding of the underlying mathematics needed to model

financial data using a GARCH model, we will first give a brief introduction to the

ARMA model, then move on to the ARCH model and lastly explain the characteristics

of the GARCH model. Before that, we need to understand what is meant by a time

series.

A time series is, as it sounds, a series of equally spaced data points (chronologically

ordered). This thesis will use financial time series data, in an attempt to model the

volatility of sustainable and non-sustainable mutual funds.

(a) DJIA closing prices (b) DJIA daily log-returns

Figure 3.1: Time series data of Dow Jones Industrial Average from the past 20 years

In Figure 3.1 above, the closing prices (a) and daily log-returns (b) of the Dow Jones

Industrial Average (DJIA) index are displayed, which provides a good example of how

financial time series usually behaves. We can see in Figure (b) that the mean of the

returns is centered around zero, and that there are periods of low and high volatility.

Notice for example the volatility during the financial crisis in 2008. It can be observed

that the spikes in volatility do not appear to be at random points in time, but rather

are there extended time periods of high and low volatility, which is what financial

analysts call ”volatility clustering”[15].
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3.1.1 The ARMA Model

Traditionally, when modeling time series data, models of the autoregressive moving-

average (ARMA) type, introduced by Whittle (1951) and later enhanced by Box &

Jenkins (1970) by adding nonstationarity (ARIMA), are popular choices [16]. The

ARMA model consists of two parts, an autoregressive (AR) part and a moving-average

(MA) part. The AR and MA models are defined in (3.1) and (3.2) respectively [17],

with the AR(p) model given by

Xt = φ1Xt−1 + φ2Xt−2 + φ3Xt−3 + . . .+ φpXt−p + et, (3.1)

where Xt represents the value of a stationary process at time t, {et} is a white noise

process, and the constants φ1, . . . , φp describe to which degree the stationary process

depends on its past values. Hence, an AR(p) process is described by its previous

p values and the white noise. For example, an AR(2)-model can be described as

Xt = φ1Xt−1 + φ2Xt−2 + et.

Compared to the AR(p)-model, the value Xt of the time series at time t in an MA(q)-

model is described as a combination of previous white noise terms

Xt = et + θ1et−1 + θ2et−2 + θ3et−3 + . . .+ θqet−q, (3.2)

where θ1, . . . , θq are constants describing how the stationary process {Xt} depends on

previous observed values from the white noise process {et}.

Together, the AR(p) and MA(q) processes can be combined to what we call an

ARMA(p, q)-model, which describes a stationary process {Xt}. In the model, for

θq 6= 0, φp 6= 0, and σ2
e > 0, one has

Xt = φ1Xt−1 + . . .+ φpXt−p + et + θ1et−1 + . . .+ θqet−q. (3.3)

However, when modeling financial data, which will be the main objective of this thesis,

the usage of ARMA-models is not a suitable option. The reason that the ARMA-

model is not a good choice for financial data is the fact that the model assumes

constant conditional variance, i.e. that the variance of Xt conditional on Xt−1, Xt−2, . . .

is constant. As mentioned earlier, financial data exhibits changes in volatility, i.e.

volatility clustering, which means that the variance will vary with time and not be

constant.

3.1.2 The ARCH Model

To counter the problem with non-constant conditional variance, Engel (1982) intro-

duced the ARCH model (autoregressive conditional heteroscedasticity model) [18].
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Heteroscedasticity means that there is an absence of constant conditional variance

in the time series. The opposite is known as homoscedasticity. In other words, the

variance σ2 of a time series {Xt} given {Xs, s < t} is dependent on {Xs, s < t}.

In financial mathematics, we are usually interested in modeling the returns of an asset,

for example the returns of a stock or a bond. If we let Pt be the price of the asset at

time t, t ∈ Z, we define the series of log-returns as

{Zt := log(Pt)− log(Pt−1)}. (3.4)

Typically, when inspecting historical financial data, {Zt} does not have a constant

conditional variance over time, which would be one of the assumptions when mod-

eling a stationary time series using the ARMA model. Taking the variability of the

volatility into consideration, the ARCH(p) process {Zt} is the stationary solution to

the equations

Zt =
√
htεt, {εt} ∼ IID N(0, 1) (3.5)

ht = α0 + α1Z
2
t−1 + . . .+ αpZ

2
t−p. (3.6)

Here, ht is the conditional variance at time t and α0, . . . , αp are constants with α0 > 0

and αi ≥ 0, i = 1, 2, . . . , p. As we can see from (3.6), we model the conditional

volatility as a function of past squared values of the log-returns, multiplied by the

positive constants α0, . . . , αp.

3.1.3 The GARCH Model

In 1986, Bollerslev developed an extension of the ARCH model, the generalized ARCH

(GARCH) model [19]. In addition to the lagged squared returns, it also takes into

consideration the lagged conditional variances. See (3.7) and (3.8) for the general

GARCH(p, q) model. Also, we may relax the assumption of εt in (3.7) being strictly

Gaussian. The reason is that more often than not, another distribution, such as e.g.

the Student’s t-distribution or skewed Student’s t-distribution, fits the financial data

better. See Section 3.1.5 for more details.

Under the condition
∑p

j=1 αj +
∑q

k=1 βk < 1, a GARCH(p,q) model is the stationary

solution to equations

Zt =
√
htεt, {εt} ∼ IID(0, 1), (3.7)

ht = α0 + α1Z
2
t−1 + . . .+ αpZ

2
t−p + β1ht−1 + . . .+ βqht−q, (3.8)
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with α0 > 0 and αj, βk ≥ 0 for j = 1, 2, . . . , p and k = 1, 2, . . . , q.

The most commonly used GARCH specification models the variance with respect

to three factors: the weighted average of the long-run variance (α0), the variance

predicted for the period (β1ht−1), and the most recent squared log-returns (α1Z
2
t−1).

This GARCH specification is typically described as the GARCH(1,1) model [15]. The

long-run variance for a GARCH(1,1) model, E(ht), can be shown to equal α0/(1−α1−
β1), given that E(ε2t ) = 1. Usually, one would also assume that E(εt) = 0, which in

addition gives Var(εt) = 1. In order to predict the volatility, one thus needs to estimate

the weights (α0, α1, β1). One wants α1+β1 < 1 in order to obtain a stationary solution

to (3.7) and (3.8).

3.1.4 The ARMA-GARCH Model

One can combine the ARMA model and the GARCH model by modeling the mean

structure with the ARMA model and then model the white noise term, et, of the

ARMA model with a GARCH model. The ARMA-GARCH model is suitable if the

standardized residuals from fitting a GARCH model exhibit serial correlation. If we

let {Xt} denote a general time series, we give the following representation for an

ARMA(u, v)-GARCH(p, q) model

Xt = φ1Xt−1 + . . .+ φuXt−u + et + θ1et−1 + . . .+ θvet−v, (3.9)

et =
√
htεt, {εt} ∼ IID(0, 1), (3.10)

ht = α0 + α1e
2
t−1 + . . .+ αpe

2
t−p + β1ht−1 + . . .+ βqht−q. (3.11)

3.1.5 Distribution of ε

When fitting a GARCH model to financial data, one important aspect of the procedure

is to determine the distribution of {εt} such that it fits the data set well. As mentioned

in the previous section, the standard assumption of an ARCH model is that {εt} ∼
IID N(0,1). However, in real life, financial data rarely follow a normal distribution.

Instead, we see tendencies of heavier tails and/or skewness in the data.

Below follow the definitions of three common distributions for εt. See [20] for further

details.

Normal Distribution

The normal distribution is a continuous distribution with bell-shaped density, and

was originally assumed for the model Engel (1982) introduced (see Section (3.1.2)). A
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random variable X is said to be normally distributed with mean µ ∈ R and variance

σ2 > 0, which can be written as X ∼ N(µ, σ2), if its probability density function (pdf)

is given by

f(x) =
1

σ
√

2π
e−

1
2
(x−µ
σ

)2 , −∞ < x <∞, (3.12)

and its cumulative distribution function (cdf) is given by

FX(x) =
1

σ
√

2π

∫ x

−∞
e−

1
2
( y−µ
σ

)2dy, −∞ < x <∞. (3.13)

The distribution is centered around its mean and has 0 skewness, which is a measure

of the symmetry of the distribution, and 0 kurtosis, which is a measure of the thickness

of the tails.

Student’s t-distribution

Like the normal distribution, the Student’s t-density is symmetric and bell-shaped.

However, it differs from the normal distribution in regard to the thickness of the tails.

Let X be a random variable with location parameter µ ∈ R, scale parameter σ > 0,

and ν > 0 degrees of freedom. If the pdf of X is given by

f(x) =
1

σ
√
νB(ν

2
, 1
2
)

(
1 +

(x− µ)2

νσ2

)− ν+1
2

, ∞ < x <∞, (3.14)

it is said to have the general form of the Student’s t-distribution, where B(., .) denotes

the beta function. The cdf is given by

GX(x) =
1

2
+
xΓ(ν+1

2
)2F1(

1
2
, ν+1

2
; 3
2
;−x2

ν
)

√
πνΓ(ν

2
)

, (3.15)

where 2F1(.) denotes the generalized hyperbolic function of order (2, 1) and Γ(.) denotes

the gamma function.

We use the notation X ∼ t(ν, µ, σ) for a Student’s t-distributed random variable. Such

a random variable has mean E(X) = µ (for ν > 1) and variance Var(X) = σ2ν(ν−2)−1

(for ν > 2).

Skewed Student’s t-distribution

An extension of the Student’s t-distribution is the skewed Student’s t-distribution,

which takes into account possible skewness of the innovations, εt. There are several
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definitions of the skewed Student’s t-distribution and we will provide the definition by

Fernández & Steel (1998) [21], which is the one used in this thesis.

If we consider a univariate pdf f(·) that is symmetric around zero and unimodal, we

can define a class of skewed distributions of the following form

f(x | γ) =
2

γ + 1
γ

{
f

(
x

γ

)
I[0,∞)(x) + f(γx)I(−∞,0)(x)

}
, (3.16)

where I is the indicator function and γ ∈ (0,∞) is the skewness parameter. If

we let f(·) on the right hand side of the equation be the pdf of the Student’s t-

distribution in (3.14), we have obtained the density function of the skewed Student’s

t-distribution.

3.1.6 Parameter Estimation

Maximum-likelihood Estimation

Maximum-likelihood estimation (MLE) is a method for estimating the values of the

parameters in a certain model or distribution. Assume we are given a set of IID

random variables X1, . . . , Xn with outcomes x1, . . . , xn and density function fθ0 , where

the parameter θ0 is unknown. Then the MLE θ̂ of θ0 can be obtained by finding the

parameter value θ that maximizes the likelihood function L(θ;X1 = x1, . . . , Xn = xn)

[22], which can be expressed as

θ̂ = argmaxθ

n∏
k=1

fθ(Xk). (3.17)

We can instead look at the log-likelihood function log L(θ;X1 = x1, . . . , Xn = xn) to

see that

θ̂ = argmaxθ log
n∏
k=1

fθ(Xk) = argmaxθ

n∑
k=1

logfθ(Xk). (3.18)

When fitting a GARCH(p,q) model to financial data, MLE can be applied to determine

the parameters α0, . . . , αp, β1, . . . , βq. Assuming for example that {εt} ∼ N(0, 1), the

likelihood function would then be

L(α0, . . . , αp, β1, . . . , βq;Z) =
n∏

t=p+1

1

σt
φ(
Z̃t
σt

), (3.19)

where φ denotes the standard normal density, and the standard deviations σt =
√
ht
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are computed recursively from the variance equation (3.8) by replacing Zt with Z̃t
(observations).

3.1.7 Model Validation Tests

Autocorrelation Function

The autocorrelation function (ACF), ρ(h), of a stationary time series {Xt} is defined

as

ρX(h) =
γX(h)

γX(0)
, (3.20)

where γX(h) = Cov(Xt+h, Xt) is the covariance function of Xt at lag h. Likewise, the

sample ACF given observations x1, x2, . . . , xn is defined as

ρ̂X(h) =
γ̂X(h)

γ̂X(0)
, (3.21)

and the sample covariance function for lag h can be expressed as

γ̂X(h) =
1

n

n−|h|∑
t=1

(xt+|h| − x̄)(xt − x̄),−n < h < n, (3.22)

where x̄ is the sample mean.

The ACF is used for detecting autocorrelation in the data. In this thesis, the sample

ACF will be used to look for ARCH effects in the initial data, and to validate our

model assumption that the standardized residuals lack serial autocorrelation.

Detecting ARCH Effects

To initially determine whether GARCH modeling is an appropriate choice for a data-

set, the first step would be to simply plot the time series of the log-returns and look

for signs of volatility clustering. Another, more sophisticated method is to look for

autocorrelation in the squared log-returns by plotting the sample ACF of Z2
t .

In Figure 3.2, we see the sample ACF of the squared log-returns of the DJIA index.

The blue dotted lines represent the confidence interval, usually 95% by default, and

the black lines the correlation at lag k. If the majority of the black lines lie within

the confidence interval, say for 95% of the lags, one can assume that there is no

autocorrelation in the squared log-returns. In Figure 3.2, we can see that this is not

the case. There are strong signs of autocorrelation, thus indicating ARCH effects in

the data.
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Figure 3.2: ACF plot of the squared log-returns of DJIA

Validating Randomness of Residuals

To check whether the residuals of the fitted GARCH model are free from serial autocor-

reletion, the sample ACF of the standardized residuals and the squared standardized

residuals will be plotted.

Ljung-Box Test

In addition to simply looking at the sample ACF for different lags individually, a

frequently used test for detecting autocorrelation in the standardized residuals of the

model is the Ljung-Box test. The null hypothesis H0 says that the standardized

residuals are independent, and the test statistic is defined as

Q = n(n+ 2)
H∑
h=1

ρ̂2ε(h)

n− h
, (3.23)

where n is the sample size, ρ̂2ε(h) is the squared sample ACF of the standardized

residuals ε at lag h, and H is a somewhat arbitrarily chosen number usually in the

range 5 ≤ H ≤ 20 [17]. Under the null hypothesis, Q follows a χ2
H−p−q distribution.

Thus, one would reject the null hypothesis at level α if the test value of Q exceeds the

(1− α)-quantile of the χ2
H−p−q distribution.

The Ljung-Box test will be used to test whether the standardized residuals and the

squared standardized residuals are indeed free from serial autocorrelation, after the

GARCH-fit has been made.
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Quantile-Quantile Plot

The Quantile-Quantile plot (QQ plot) can be used as an aid to detemine the distribu-

tion of a data set. Suppose we have a set of observations x1, . . . , xn from a set of IID

random variables X1, . . . , Xn with unknown distribution function, which we would like

to determine. We can plot the observations against some reference distribution F , in

order to test whether the data originates from that distribution [22].

A QQ plot is a plot of the points

{(
F−1

(
n− k + 1

n+ 1

)
, xk,n

)
: k = 1, . . . , n

}
, (3.24)

where xk,n is the ordered sample x1,n ≥ x2,n ≥ . . . ≥ xn,n and F−1 the quantile

function of the reference distribution. This is a plot of the empirical quantiles versus

the quantiles of the reference distribution, which is more clear if we write it as

{(
F−1

(
n− k + 1

n+ 1

)
, F−1n

(
n− k + 1

n+ 1

))
: k = 1, . . . , n

}
. (3.25)

Above, F−1n (p) = x[n(1−p)]+1,n is the quantile function of the ordered sample. If the

sample observations and the suggested reference distribution match, then the plot

should be approximately linear with intercept 0 and slope 1. In Figure 3.3, we have

plotted the log-returns of the DJIA index against a normal reference distribution.

Notice that the tails do not lie on the straight line, with the right tail well above and

the left tail well below. This is a sign of heavier tails in the empirical data compared

to those of the reference distribution, which would suggest to examine another, more

heavy-tailed distribution, such as e.g. the Student’s t.

The QQ plot will be used to validate our assumptions regarding the distribution of εt
for our model. As mentioned in Section 3.1.5, there are several possible distributions

of εt when fitting a GARCH model, depending on the data used, and the goal is to

find one that describes the data well.
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Figure 3.3: Normal QQ plot of the log-returns of the DJIA index
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3.2 Risk Measures

In this thesis two risk measures will be used in order to compare the risk of the sustain-

able and non-sustainable portfolios. These risk measures are presented below.

3.2.1 Standard Deviation

The standard deviation will be used to determine the dispersion of the returns for

each portfolio, i.e. the volatility. As mentioned in Section 3.1.3, given that E(ε2t ) = 1,

the long-run variance of a GARCH(1,1) model can by derived from its estimated

parameters by

σ2 := E(ht) =
α0

1− α1 − β1
. (3.26)

Hence, the long-run standard deviation (volatility) is

σ =

√
α0

1− α1 − β1
. (3.27)

3.2.2 Value at Risk

Value at risk (VaR) is a common measure to estimate the risk of a given asset or

portfolio over a fixed time frame. Let X be the current value of a portfolio at time 1.

If we let L = −X define the loss, then the VaR at level p ∈ (0, 1) is defined as

VaRp(X) = min{m : P (L ≤ m) ≥ 1− p}. (3.28)

We can interpret it as an amount m one might lose from the portfolio given a time

frame (e.g. one day), which is only exceeded with a certain probability p.

The empirical value at risk, which is what will be used in this thesis, of a portfolio

with value X at time 1 is given by

V̂aRp(X) = L[np]+1,n, (3.29)

where L = −X, and L1,n ≥, . . . ,≥ Ln,n is the ordered sample. The empirical VaR is

simply the empirical (1− p)-quantile of L.
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3.3 Accuracy Testing of Sample Estimates

3.3.1 Confidence Interval

A confidence interval (CI) is a common way to determine the accuracy of an estimate

θ̂ of an unknown parameter θ. Given observations x1, . . . , xn and a confidence level

1− α, a CI has a 1− α probability of containing the true value of θ.

3.3.2 Parametric Bootstrap

The parametric bootstrap method is used to assign different measures of accuracy

to a given sample estimate θ̂ of the unknown parameter θ. In this thesis, it will be

used to derive confidence intervals for our estimated risk parameters, i.e. the long-run

volatility and value at risk. The steps for creating the bootstrap confidence interval

for a parameter θ are explained below [23].

Given a set of actual observations x1, . . . , xn, which we assume stem from a distribution

F , we can calculate a bootstrap confidence interval with confidence level 1−α by the

following the steps below.

1. Simulate j samples, each of length n, from our estimated distribution F .

2. Calculate the statistic θ̂∗ and the bootstrap difference δ∗ = θ̂∗ − θ̂ for each

simulated sample, and put the bootstrap differences in order.

3. Then the distribution of δ∗ = θ̂∗ − θ̂ is approximately the same as δ = θ̂ − θ.

4. Compute the confidence interval [θ̂ − δ∗1−α/2, θ̂ − δ∗α/2].

Here, δ∗1−α/2 denotes the empirical 1−α/2 quantile of δ∗, and δ∗α/2 denotes the empirical

α/2 quantile of δ∗.
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3.4 Morningstar Sustainability Rating

This section is based on Morningstar’s methodology description of the Morningstar

Sustainability Rating [24]. It should be mentioned that the assessment of mutual funds

based on ESG critera is rather subjective, which means that the same mutual fund

could obtain different ratings/scores from different rating agencies.

In 2016, the Morningstar Sustainability Rating was released by Morningstar. The

rating helps investors to evaluate portfolios based on environmental, social and gov-

ernance (ESG) information, as it is a measure of how well a portfolio’s holdings are

managing their ESG risks and opportunities relative to their Morningstar Category

peers. The rating is calculated for managed products and indices globally, based on

the portfolio’s holdings and company-level ESG analytics from Sustainalytics.

The Morningstar Sustainability Rating is obtained from the Morningstar Portfolio

Sustainability Score. The Morningstar Portfolio Sustainability Score is calculated

based on company-level ESG scores as well as company involvement in ESG-related

controversies. More precisely,

Morningstar Portfolio Sustainability Score = Morningstar Portfolio ESG Score - Morn-

ingstar Portfolio Controversy Deduction.

ESG scores are provided by Sustainalytics on more than 4,500 companies globally, and

ESG-related controversial incidents are tracked for more than 10,000 companies.

Morningstar Portfolio ESG Score

The Morningstar Portfolio ESG Score (MPES) is an asset-weighted average of nor-

malized company-level ESG scores by Sustainalytics. It is calculated according to the

following equation:

MPES =
n∑
i=1

ESGNormi × wi,adj, (3.30)

where ESGNormi is the normalized ESG score of security i, wi,adj is the adjusted

weight of security i and n is the number of securities in the portfolio.

Company-level ESG scores indicate how well a firm addresses ESG issues based on

disclosure, preparedness, and performance. It is assessed using a 0−100 scale, relative

to other companies in the same global industry peer group. Since the relevance of

specific ESG issues varies across peer groups, the indicators used to measure ESG

performance in one peer group might differ from that used in another. Therefore,

company-level ESG scores are not directly comparable across peer groups. The scores

within each peer group might also have different means and ranges. Therefore, in order
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to make the ESG scores comparable across peer groups, the scores are normalized

within their peer groups as follows:

ESGNormi = 50 + 10Zi, (3.31)

with Zi calculated as:

Zi =
ESGi − µPG,i

σPG,i
, (3.32)

where ESGi is the ESG score of company i, and µPG,i and σPG,i are the mean and stan-

dard deviation of the ESG scores in the peer group of company i, respectively.

The normalized company ESG scores are then given on a 0− 100 scale, with mean 50.

They can be interpreted as:

• 70+ = company scores at least two standard deviations above average in its peer

group,

• 60 = company scores one standard deviation above average in its peer group,

• 50 = company scores at peer group average,

• 40 = company scores one standard deviation below average in its peer group,

• 30− = company scores at least two standard deviations below average in its peer

group.

Using an asset-weighted average of all covered securities, the normalized ESG scores

are then aggregated to a Morningstar Portfolio ESG Score, according to Equation

(3.30). At least 50% of a portfolio’s assets under management need to be covered, i.e.

have a company ESG score, in order for the portfolio to receive a Morningstar Portfolio

ESG Score. Covered securities are equity and fixed-income securities that are issued

by companies with ESG scores. Before calculating the Morningstar Portfolio ESG

Score, the percentage of assets under management of covered securities is rescaled to

100%, which gives the adjusted weights wi,adj.

Morningstar Portfolio Controversy Deduction

Each ESG-related incident, or ”controversy”, is assessed in terms of the extent of its

impact on the society, environment and the company itself. A company might be

involved in several ESG-controversies at the same time, but Sustainalytics assesses

the highest level of current involvement in ESG-controversies. A score is then given

on a 0− 100 scale, see Figure 3.4.

Since an ESG-controversy has a negative contribution to a company’s sustainability

performance, the scale of company controversy scores (CCS) is reversed before the
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Figure 3.4: Sustainalytics Controversy Score. Source: Morningstar, Inc.

scores are aggregated to a Morningstar Portfolio Controversy Score (MPCS), as fol-

lows:

MPCS =
n∑
i=1

wi,adj × CCSRevi, (3.33)

where wi,adj is the adjusted weight of security i in the portfolio, CCSRevi is the

company controversy score of security i using the reversed scale (i.e. 100 − score) and

n is the number of securities in the portfolio.

At least 50% of a portfolio’s assets under management must be covered, i.e. have a

company controversy score, in order for the portfolio to receive a Morningstar Portfolio

Controversy Score. Covered securities are equity and fixed-income securities that

are issued by companies with company controversy scores. Before calculating the

Morningstar Portfolio Controversy Score, the percentage of assets under management

of covered securities is rescaled to 100%, giving the adjusted weights wi,adj. For the

calculation of the Morningstar Portfolio Sustainability Score, the Morningstar Portfolio

Controversy Score is first rescaled to a Morningstar Portfolio Controversy Deduction,

according to Figure 3.5.

Figure 3.5: Morningstar Portfolio Controversy Deduction. Source: Morningstar, Inc.

Morningstar Portfolio Sustainability Score

The Morningstar Portfolio Sustainability Score is finally calculated as:
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Morningstar Portfolio Sustainability Score = Morningstar Portfolio ESG Score - Morn-

ingstar Portfolio Controversy Deduction.

Only portfolios with a Morningstar Portfolio ESG Score and a Morningstar Portfolio

Controversy Score can receive a Morningstar Portfolio Sustainability Score.

Morningstar Sustainability Rating

Based on a portfolio’s Morningstar Portfolio Sustainability Score, it is assigned a

Morningstar Sustainability Rating, which is a descriptive rank relative to its Morn-

ingstar Category (provided that the Morningstar Category has at least 10 funds with

Morningstar Portfolio Sustainability Scores). The rating distribution is summarized

in Figure 3.6. The Morningstar Portfolio Sustainability Score and the Morningstar

Sustainability Rating are updated monthly.

Figure 3.6: Morningstar Sustainability Rating. Source: Morningstar, Inc.
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4. Methodology and Results

4.1 Data

4.1.1 Description of the Data

The data received from Handelsbanken consists of two data sets in two separate Excel

files: global funds and European funds. The global funds are those that belong to

the Morningstar Global Categories Global Equity Large Cap, Global Equity Mid/Small

Cap, Equity Miscellaneous and Flexible Allocation. There are in total 2998 global

funds. The European funds are those that belong to the Morningstar Global Categories

Europe Equity Large Cap and Europe Equity Mid/Small Cap. In total, there are 2211

European funds. For each of these funds, we have received data on name, firm country,

base currency, ISIN, Morningstar Global Category, and Morningstar Category. We

have also received the funds’ Morningstar Portfolio Sustainability Score from 2015-12

to 2019-08 (the score is updated monthly), monthly fund size from 2015-12 to 2019-

08 in Swedish kronas (SEK) and daily net asset values (NAV) from 2015-12-31 to

2019-08-31 in SEK.

4.1.2 Data Cleaning

For all data programming, we use the programming language R. For the data cleaning,

we start by reading the two Excel files into R and converting the data sets from wide

format to long format. This way, each row represents a date and a fund, and includes

the fund’s NAV value for that date and the fund’s Morningstar Portfolio Sustainabil-

ity Score for the corresponding month. We keep the data for the global funds and

European funds in two separate data frames, as we will model them separately.

We remove the rows in the data that correspond to weekends. This is due to the

fact that most exchanges are closed on weekends (i.e. Saturdays and Sundays), and

therefore, most funds do not receive NAV values on these days. If the weekend data

was not removed, then portfolio returns would be calculated on the weekends based

on only a handful of funds, which would be rather misleading.

After removing the weekend data, we interpolate NAV values where the funds have
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missing NAV values (e.g. due to bank holidays), using the function na.approx. Then,

we remove rows where there is either still a missing NAV value, or a missing Morn-

ingstar Portfolio Sustainability Score. This is because we want a complete data set

where there is a score matching to each date that a fund has a NAV value. Then, we

calculate the log-returns for each fund according to the following equation,

Zt,i = 100(log(Pt,i)− log(Pt−1,i)), (4.1)

where Pt,i and Pt−1,i are the NAV values of fund i at time t and t−1, respectively.

4.1.3 Creating Portfolios

After calculating the log-returns for each fund, we create the portfolios on which the

analysis will be based. We create in total four portfolios, two for each data set:

• One portfolio of sustainable global funds

• One portfolio of non-sustainable global funds

• One portfolio of sustainable European funds

• One portfolio of non-sustainable European funds

The sustainable portfolios consist of the 10% funds with best Morningstar Portfolio

Sustainability Score and the non-sustainable portfolios consist of the 10% funds with

worst Morningstar Portfolio Sustainability Score, within global and European funds

respectively. The funds within a portfolio are equally weighted.

The portfolios are created so that they are rebalanced every day. E.g., for the portfolio

of sustainable global funds, the portfolio is rebalanced each day to consist of the top

10% of global funds with best score that day. Since the funds in the portfolio receive

equal weights, the log-return of the portfolio is calculated as the average of the log-

returns of the underlying funds that day. As the Morningstar Portfolio Sustainability

Scores are updated monthly, it means in practice that each portfolio will consist of

the same funds during a whole month. The daily rebalancing only has the effect of

resetting the weights of the funds equally every day, to adjust for price movements.

Figures 4.1 and 4.2 show the log-returns of the four portfolios. Histograms of the

log-returns are shown in Figures 4.3 and 4.4.
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Figure 4.1: Plot of log-returns, multiplied by 100, of portfolios of global funds from
2016-01-01 to 2019-08-30.
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Figure 4.2: Plot of log-returns, multiplied by 100, of portfolios of European funds from
2016-01-01 to 2019-08-30.
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Figure 4.3: Histograms of log-returns, multiplied by 100, of portfolios of global funds
from 2016-01-01 to 2019-08-30.

31



Histogram of log−returns, sustainable European funds

Log−returns

F
re

qu
en

cy

−4 −2 0 2

0
20

40
60

80
10

0
12

0
14

0

(a) Histogram of log-returns sustainable port-
folio

Histogram of log−returns, non−sustainable European funds

Log−returns

F
re

qu
en

cy

−4 −2 0 2

0
20

40
60

80
10

0
12

0
14

0

(b) Histogram of log-returns non-sustainable
portfolio

Figure 4.4: Histograms of log-returns, multiplied by 100, of portfolios of European
funds from 2016-01-01 to 2019-08-30.
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4.2 Model Fitting

In order to initially determine whether GARCH models might be a suitable option

for modeling the log-returns of the four portfolios, we plot the sample ACFs of the

squared log-returns, shown in Figure 4.5 and 4.6. In all four ACF plots, most spikes are

outside the confidence intervals, indicating a clear autocorrelation among the squared

log-returns. We can thus conclude that there is an ARCH-effect in the log-returns of

our four portfolios, and that fitting GARCH models to our data is a good starting

point.
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Figure 4.5: ACF plots of squared log-returns of portfolios of global funds.
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Figure 4.6: ACF plots of squared log-returns of portfolios of European funds.

4.2.1 GARCH(1,1) With Standard Normal Distribution

We start by fitting a GARCH(1,1) model to the log-returns of the four portfolios,

with {εt} ∼ IID N(0, 1). The models are fitted using the function garchFit from the
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package fGarch, with the input conditional distribution ”norm”. The coefficients in

the GARCH(1,1) model, i.e. α0, α1 and β1, are estimated using MLE.

Global Funds

For the portfolio of sustainable global funds, the estimated coefficients are α0 =

0.04177, α1 = 0.13050 and β1 = 0.74372. The long-run volatility is thus 0.576. The p-

value from the Ljung-Box test for the standardized residuals with lag 15 is 2.29×10−5.

For the squared standardized residuals with lag 15, the p-value is 0.747. The results

are summarized in Table 4.1. The ACF plots of the standardized residuals and the

squared standardized residuals are shown in Figure 4.7. The normal QQ plot of the

standardized residuals is shown in Figure 4.8.

Parameter Global sustainable Global non-sustainable

α0 0.04177 0.042932

α1 0.13050 0.120178

β1 0.74372 0.773592

Long-run volatility 0.576 0.636

p-value Ljung-Box (lag 15) 2.29× 10−5 2.13× 10−9

p-value Ljung-Box (squared, lag 15) 0.747 0.321

Table 4.1: Results of model fit for global funds, GARCH(1,1) with standard normal
distribution.
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−
0.

10
−

0.
05

0.
00

0.
05

0.
10

Lag

A
C

F

ACF plot of squared standardized residuals, global sustainable

0 5 10 15 20 25 30

(b) ACF plot of squared standardized residuals

Figure 4.7: ACF plots for the portfolio of sustainable global funds, GARCH(1,1) with
standard normal distribution.

As for the portfolio of non-sustainable global funds, the estimated coefficients are

α0 = 0.042932, α1 = 0.120178 and β1 = 0.773592. The long-run volatility is 0.636. The

p-value from the Ljung-Box test for the standardized residuals at lag 15 is 2.13×10−9,

and for the squared standardized residuals with lag 15, the p-value is 0.321. The results

are summarized in Table 4.1. Figure 4.9 shows the ACF plots of the standardized
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Figure 4.8: Normal QQ plots for the standardized residuals of the portfolios of global
funds, GARCH(1,1) with standard normal distribution.

residuals and the squared standardized residuals. Figure 4.8 shows the normal QQ

plot of the standardized residuals.
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Figure 4.9: ACF plots for the portfolio of non-sustainable global funds, GARCH(1,1)
with standard normal distribution.

European Funds

The estimated GARCH coefficients are, for the portfolio of sustainable European funds,

α0 = 0.028464, α1 = 0.112727 and β1 = 0.830861. The long-run volatility is 0.710.

The p-value from the Ljung-Box test for the standardized residuals with lag 15 is

0.0742, and 0.627 for the squared standardized residuals with lag 15. The results

are summarized in Table 4.2. The ACF plots of the standardized residuals and the

squared standardized residuals are shown in Figure 4.10. The normal QQ plot of the

standardized residuals is shown in Figure 4.11.

For the portfolio of non-sustainable European funds, the estimated coefficients are

α0 = 0.026752, α1 = 0.148005 and β1 = 0.796916. The long-run volatility is 0.697.

35



Parameter European sustainable European non-sustainable

α0 0.028464 0.026752

α1 0.112727 0.148005

β1 0.830861 0.796916

Long-run volatility 0.710 0.697

p-value Ljung-Box (lag 15) 0.0742 0.00125

p-value Ljung-Box (squared, lag 15) 0.627 0.912

Table 4.2: Results of model fit for European funds, GARCH(1,1) with standard normal
distribution.

−
0.

10
−

0.
05

0.
00

0.
05

0.
10

Lag

A
C

F

ACF plot of standardized residuals, European sustainable

0 5 10 15 20 25 30

(a) ACF plot of standardized residuals
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Figure 4.10: ACF plots for the portfolio of sustainable European funds, GARCH(1,1)
with standard normal distribution.
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Figure 4.11: Normal QQ plots for the standardized residuals of the portfolios of Eu-
ropean funds, GARCH(1,1) with standard normal distribution.

The p-value from the Ljung-Box test for the standardized residuals with lag 15 is

0.00125. For the squared standardized residuals with lag 15, the p-value is 0.912. The

results are summarized in Table 4.2. The ACF plots of the standardized residuals and
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the squared standardized residuals are shown in Figure 4.12, and the normal QQ plot

of the standardized residuals is shown in Figure 4.11.
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(b) ACF plot of squared standardized residuals

Figure 4.12: ACF plots for the portfolio of non-sustainable European funds,
GARCH(1,1) with standard normal distribution.

Comments

Analyzing the normal QQ plots, we observe that our data has heavier tails than

the normal distribution, mostly heavier left tail. This is the case for all of our four

portfolios, and is not unexpected, as financial data often has heavier tails than the

normal distribution. Furthermore, the ACF plots of the standardized residuals show

that the standardized residuals are not uncorrelated for lags greater than 0. Thus,

the assumption of εt being IID does not hold. This is further confirmed by the low

p-values in the Ljung-Box tests for the standardized residuals.

Since the QQ plots indicate that our data has heavier tails than the normal distri-

bution, we proceed by assuming that εt follows a Student’s t-distribution, which has

heavier tails.

4.2.2 GARCH(1,1) With Student’s t-distribution

We proceed by fitting a GARCH(1,1) model to the log-returns of each of the four

portfolios, now assuming that {εt} ∼ IID t(ν, 0,
√

(ν − 2)/ν) (for ν > 2), where ν is

the degrees of freedom of the Student’s t-distribution. This ensures that the mean

and variance of the innovation distribution are 0 and 1, respectively, and only the

parameter ν is estimated. The input conditional distribution in the garchFit function

is ”std”.

Global Funds

For the portfolios of sustainable and non-sustainable global funds, the results from the

model fitting are summarized in Table 4.3. Figures 4.13 and 4.14 show the ACF plots
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of the standardized residuals and the squared standardized residuals, and Figure 4.15

shows the Student’s t QQ plots of the standardized residuals.

Parameter Global sustainable Global non-sustainable

α0 0.035378 0.035899

α1 0.113834 0.105356

β1 0.779049 0.805556

ν 7.216189 8.525697

Long-run volatility 0.575 0.635

p-value Ljung-Box (lag 15) 1.73× 10−5 1.57× 10−9

p-value Ljung-Box (squared, lag 15) 0.766 0.275

Table 4.3: Results of model fit for global funds, GARCH(1,1) with Student’s t-
distribution.
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(b) ACF plot of squared standardized residuals

Figure 4.13: ACF plots for the portfolio of sustainable global funds, GARCH(1,1) with
Student’s t-distribution.
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Figure 4.14: ACF plots for the portfolio of non-sustainable global funds, GARCH(1,1)
with Student’s t-distribution.
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Figure 4.15: Student’s t QQ plots for the standardized residuals of the portfolios of
global funds, GARCH(1,1) with Student’s t-distribution.

European Funds

For the portfolios of sustainable and non-sustainable European funds, the results of

the model fit are summarized in Table 4.4. Figures 4.16 and 4.17 show the ACF plots

of the standardized residuals and the squared standardized residuals. The Student’s t

QQ plots of the standardized residuals are shown in Figure 4.18.

Parameter European sustainable European non-sustainable

α0 0.029604 0.033975

α1 0.108875 0.155298

β1 0.830833 0.773524

ν 7.815939 10.000000

Long-run volatility 0.701 0.691

p-value Ljung-Box (lag 15) 0.0710 0.00121

p-value Ljung-Box (squared, lag 15) 0.623 0.935

Table 4.4: Results of model fit for European funds, GARCH(1,1) with Student’s t-
distribution.

Comments

Analyzing the ACF plots of the standardized residuals, we observe a large spike at lag 1

for all four portfolios. This indicates that there is autocorrelation among the standard-

ized residuals, and thus that the GARCH(1,1) model with Student’s t-distribution does

not fit the data well. This is further indicated by the low p-values from the Ljung-Box

test for the standardized residuals, which reject the null hypotheses of the standard-

ized residuals being independently distributed. Moreover, the QQ plots indicate that

the fitted Student’s t-distributions have too heavy right tails compared to the our

data.
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(b) ACF plot of squared standardized residuals

Figure 4.16: ACF plots for the portfolio of sustainable European funds, GARCH(1,1)
with Student’s t-distribution.
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(a) ACF plot of standardized residuals
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Figure 4.17: ACF plots for the portfolio of non-sustainable European funds,
GARCH(1,1) with Student’s t-distribution.
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Figure 4.18: Student’s t QQ plots for the standardized residuals of the portfolios of
European funds, GARCH(1,1) with Student’s t-distribution.
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Since a GARCH(1,1) model with a Student’s t-distribution did not give a significantly

better fit compared to a GARCH(1,1) model with a normal distribution, we believe

that we need to consider another model than GARCH(1,1). The large spike at lag

1 in the ACF plots indicate that there might be an MA(1) component in the data.

Therefore, we consider fitting an ARMA(p, q)-GARCH(1,1) model to the data as a

next step.

4.2.3 ARMA(p,q)-GARCH(1,1) With Student’s t-distribution

We continue by fitting an ARMA(p, q)-GARCH(1,1) model to the log-returns of each

of the four portfolios. The parameters p and q in the ARMA model are decided

by first using the function auto.arima from the package forecast on the data. The

optimal p and q values given by the auto.arima function are then used in the function

garchFit to fit an ARMA(p, q)-GARCH(1,1) model. We still assume that {εt} ∼
IID t(ν, 0,

√
(ν − 2)/ν) (for ν > 2), and thus, the input conditional distribution in

garchFit is ”std”.

Global Funds

For the portfolios of sustainable and non-sustainable global funds, the results from

the model fitting (using auto.arima and garchFit) are summarized in Table 4.5. In

Figures 4.19 and 4.20, the ACF plots of the standardized residuals and the squared

standardized residuals are shown. The Student’s t QQ plots of the standardized resid-

uals are shown in Figure 4.21.

Parameter Global sustainable Global non-sustainable

p 5 5

q 0 0

φ1 0.251026 0.316183

φ2 −0.058140 −0.091396

φ3 0.052971 0.055218

φ4 −0.033580 −0.025355

φ5 0.011252 0.010918

α0 0.038032 0.038777

α1 0.102524 0.085113

β1 0.773778 0.808180

ν 6.585158 7.172943

Long-run volatility 0.554 0.603

p-value Ljung-Box (lag 15) 0.984 0.950

p-value Ljung-Box (squared, lag 15) 0.963 0.669

Table 4.5: Results of model fit for global funds, ARMA(p, q)-GARCH(1,1) with Stu-
dent’s t-distribution.
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(a) ACF plot of standardized residuals
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Figure 4.19: ACF plots for the portfolio of sustainable global funds, ARMA(5,0)-
GARCH(1,1) with Student’s t-distribution.
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(a) ACF plot of standardized residuals
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(b) ACF plot of squared standardized residuals

Figure 4.20: ACF plots for the portfolio of non-sustainable global funds, ARMA(5,0)-
GARCH(1,1) with Student’s t-distribution.
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Figure 4.21: Student’s t QQ plots for the standardized residuals of the portfolios of
global funds, ARMA(5,0)-GARCH(1,1) with Student’s t-distribution.
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European Funds

For the portfolios of sustainable and non-sustainable European funds, the results from

the model fitting is summarized in Table 4.6. In Figures 4.22 and 4.23, the ACF plots

of the standardized residuals and the squared standardized residuals are shown, and

in Figure 4.24, the Student’s t QQ plots of the standardized residuals are shown.

Parameter European sustainable European non-sustainable

p 5 5

q 0 0

φ1 0.113036 0.14963239

φ2 −0.022415 −0.01962176

φ3 0.033425 0.07189030

φ4 −0.075443 −0.07808934

φ5 0.011924 −0.00023695

α0 0.031496 0.03677952

α1 0.108618 0.15690401

β1 0.826847 0.76264635

ν 7.324083 10.00000000

Long-run volatility 0.699 0.676

p-value Ljung-Box (lag 15) 0.900 0.905

p-value Ljung-Box (squared, lag 15) 0.876 0.991

Table 4.6: Results of model fit for European funds, ARMA(p, q)-GARCH(1,1) with
Student’s t-distribution.
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(a) ACF plot of standardized residuals
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(b) ACF plot of squared standardized residuals

Figure 4.22: ACF plots for the portfolio of sustainable European funds, ARMA(5,0)-
GARCH(1,1) with Student’s t-distribution.

Comments

When observing the results from fitting the ARMA(5,0)-GARCH(1,1) models, we see

a large improvement in the ACF plots, as there are no longer any large spikes at
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(a) ACF plot of standardized residuals
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(b) ACF plot of squared standardized residuals

Figure 4.23: ACF plots for the portfolio of non-sustainable European funds,
ARMA(5,0)-GARCH(1,1) with Student’s t-distribution.
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Figure 4.24: Student’s t QQ plots for the standardized residuals of the portfolios of
European funds, ARMA(5,0)-GARCH(1,1) with Student’s t-distribution.

lag 1, and most spikes are within the 95%-confidence intervals. Furthermore, the p-

values from the Ljung-Box test for the standardized residuals are now significantly

higher and close to 1, supporting the null hypothesis of independently distributed

standardized residuals. Only the QQ plots indicate that the model fit could be further

improved. From the QQ plots, we see that the standardized residuals follow a Student’s

t-distribution well in the left tails, but have lighter right tails. Therefore, as a next

step, we consider using the skewed Student’s t-distribution for εt, in order to capture

the difference in heaviness of the tails.

4.2.4 ARMA(p,q)-GARCH(1,1) With Skewed Student’s

t-distribution

We proceed by fitting ARMA(p, q)-GARCH(1,1) models with skewed Student’s t-

distribution to the log-returns. Thus, we assume that {εt} are IID and follow a skewed
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Student’s t-distribution where the mean and variance are set to 0 and 1, respectively.

Thus, only ν, the degrees of freedom, and γ, the skewness parameter, are estimated.

The values of p and q are still decided by the auto.arima function. The input condi-

tional distribution in garchFit is now ”sstd”.

Global Funds

For the portfolios of sustainable and non-sustainable global funds, the estimated pa-

rameters resulting from the model fit are summarized in Table 4.7. Figures 4.25 and

4.26 show the ACF plots of the standardized residuals and the squared standardized

residuals. Figure 4.27 shows the skewed Student’s t QQ plots of the standardized

residuals.

Parameter Global sustainable Global non-sustainable

p 5 5

q 0 0

φ1 0.2501273 0.3116586

φ2 −0.0617495 −0.0913928

φ3 0.0568600 0.0559303

φ4 −0.0396503 −0.0299293

φ5 0.0072652 0.0043986

α0 0.0350289 0.0362340

α1 0.0999492 0.0829031

β1 0.7846589 0.8161677

γ 0.8962353 0.8924786

ν 7.1224845 7.7664434

Long-run volatility 0.551 0.599

p-value Ljung-Box (lag 15) 0.986 0.958

p-value Ljung-Box (squared, lag 15) 0.963 0.659

Table 4.7: Results of model fit for global funds, ARMA(p, q)-GARCH(1,1) with skewed
Student’s t-distribution.

European Funds

For the portfolios of sustainable and non-sustainable European funds, the results from

the model fitting are summarized in Table 4.8. Figures 4.28 and 4.29 show the ACF

plots of the standardized residuals and the squared standardized residuals, and Figure

4.30 shows the skewed Student’s t QQ plots of the standardized residuals.

Comments

Looking at the QQ plots for the four portfolios, we see that the points are now much

more aligned with the line. Thus, we can draw the conclusion that the skewed Stu-
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Figure 4.25: ACF plots for the portfolio of sustainable global funds, ARMA(5,0)-
GARCH(1,1) with skewed Student’s t-distribution.
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(b) ACF plot of squared standardized residuals

Figure 4.26: ACF plots for the portfolio of non-sustainable global funds, ARMA(5,0)-
GARCH(1,1) with skewed Student’s t-distribution.
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Figure 4.27: Skewed Student’s t QQ plots for the standardized residuals of the portfo-
lios of global funds, ARMA(5,0)-GARCH(1,1) with Skewed Student’s t-distribution.
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Parameter European sustainable European non-sustainable

p 5 5

q 0 0

φ1 0.102542 0.1336053

φ2 −0.029702 −0.0288388

φ3 0.029582 0.0604293

φ4 −0.082941 −0.0793895

φ5 0.009827 −0.0027547

α0 0.029919 0.0342424

α1 0.105123 0.1517573

β1 0.832086 0.7727804

γ 0.908932 0.8573019

ν 7.838039 10.0000000

Long-run volatility 0.690 0.674

p-value Ljung-Box (lag 15) 0.879 0.801

p-value Ljung-Box (squared, lag 15) 0.869 0.992

Table 4.8: Results of model fit for European funds, ARMA(p, q)-GARCH(1,1) with
skewed Student’s t-distribution.
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(b) ACF plot of squared standardized residuals

Figure 4.28: ACF plots for the portfolio of sustainable European funds, ARMA(5,0)-
GARCH(1,1) with skewed Student’s t-distribution.

dent’s t-distribution is a much better fit for εt than the Student’s t-distribution and

the normal distribution. The ACF plots also show satisfying results, with at most

two spikes outside the 95% confidence intervals in each plot. This, together with the

high p-values in the Ljung-Box test, strengthens the hypothesis that the standard-

ized residuals, εt, are independently distributed. In conclusion, the QQ plots, ACF

plots and Ljung-Box tests indicate that the fitted ARMA(5,0)-GARCH(1,1) models

with skewed Student’s t-distribution fit the log-returns of each of the four portfolios

well.
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(b) ACF plot of squared standardized residuals

Figure 4.29: ACF plots for the portfolio of non-sustainable European funds,
ARMA(5,0)-GARCH(1,1) with skewed Student’s t-distribution.
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Figure 4.30: Skewed Student’s t QQ plots for the standardized residuals of the
portfolios of European funds, ARMA(5,0)-GARCH(1,1) with Skewed Student’s t-
distribution.

Value at Risk

The long-run volatility only describes the expected volatility, and not potential extreme

losses. In order to address this, we simulate estimates of the value at risk (VaR) for

the four portfolios. This also makes our study more comparable to previous studies in

the field, as VaR is addressed in some of those.

We simulate 1000 years of daily log-returns based on our fitted ARMA(5,0)-GARCH(1,1)

models with skewed Student’s t-distribution. We run this simulation of 1000 years once

for each of our four portfolios, i.e. global sustainable funds, global non-sustainable

funds, European sustainable funds and European non-sustainable funds. Assuming

253 trading days per year, we thus simulate 253000 daily log-returns for each port-

folio. Then, for each of the four simulated data sets, we calculate the VaR0.05 for

daily log-returns by first multiplying the simulated daily log-returns with −1 (thus
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converting them to losses), and then taking the empirical 95% quantile on them. We

also calculate the VaR0.05 for yearly log-returns by first summing daily log-returns for

each year, and then multiplying the 1000 yearly log-returns with −1 before taking

the empirical 95% quantile on them, for each of the four portfolios. The results are

summarized in Table 4.9.

Portfolio Simulated daily VaR0.05 Simulated yearly VaR0.05

Global sustainable 0.935 18.304

Global non-sustainable 1.041 18.584

European sustainable 1.145 18.967

European non-sustainable 1.122 17.892

Table 4.9: Simulated daily and yearly value at risk for the four portfolios.
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4.3 Parametric Bootstrap

4.3.1 Long-Run Volatility

From the model fitting, we can conclude that the ARMA(5,0)-GARCH(1,1) models

with skewed Student’s t-distribution are the best fit to the log-returns of our four

portfolios. Using these models, the estimated long-run volatilities are 0.551 for the

global sustainable portfolio, 0.599 for the global non-sustainable portfolio, 0.690 for the

European sustainable portfolio and 0.674 for the European non-sustainable portfolio.

Thus, the estimated differences in long-run volatility between sustainable and non-

sustainable funds are −0.048 for global funds, and 0.016 for European funds.

As these differences are rather small, we use parametric bootstrap to create a 95%

confidence interval for the difference in long-run volatility for the global funds and the

European funds, respectively. The aim is to see whether 0 is inside the confidence

intervals, in which case we cannot reject the hypothesis that there is no difference

between the long-run volatility for sustainable and non-sustainable funds.

Procedure and Results

Using the ARMA(5,0)-GARCH(1,1) models with skewed Student’s t-distribution es-

timated in Section 4.2.4, we simulate a time series of log-returns for the portfolio

of sustainable global funds and a time series of log-returns for the portfolio of non-

sustainable global funds, both of the same length as our original time series. Then, we

fit an ARMA(5,0)-GARCH(1,1) model with skewed Student’s t-distribution to each

of the two simulated time series. Based on the estimated parameters α0, α1 and β1
from these simulated time series, we calculate the implied long-run volatility for the

portfolio of sustainable global funds and the portfolio of non-sustainable global funds,

respectively. We then compute the difference in long-run volatility by subtracting the

estimated long-run volatility for the portfolio of non-sustainable global funds from that

of the portfolio of sustainable global funds. Thus, we have one simulated value of the

difference in long-run volatility for global funds. We run this simulation 1000 times in

total, to obtain 1000 simulated differences, θ̂∗i , i = 1, ..., 1000.

We then subtract the observed difference, θ̂ = −0.048, based on our original time

series, from the simulated differences, to create δ∗i = θ̂∗i − θ̂, i = 1, ..., 1000. The

δ∗i , i = 1, ..., 1000, are then sorted from the lowest value to the largest. The 95%

confidence interval for the difference in long-run volatility for sustainable and non-

sustainable global funds is then computed as [θ̂ − δ∗sort,975, θ̂ − δ∗sort,25], where δ∗sort,975
and δ∗sort,25 are the 975th and 25th values among the sorted δ∗. The resulting 95%

confidence interval for global funds is [−0.151, 0.051]. The same procedure is done for

European funds, which gives the 95% confidence interval [−0.163, 0.247]. As 0 is inside

the 95% confidence intervals both for global and European funds, we cannot reject the

hypothesis that there is no difference in long-run volatility between the sustainable
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and non-sustainable portfolios.

4.3.2 Value at Risk

Having concluded from the analysis of the long-run volatility in Section 4.3.1 that the

hypothesis of there being no difference in long-run volatility between the sustainable

and non-sustainable portfolios could not be rejected, we proceed by performing the

same analysis for the value at risk (VaR). Again, using parametric bootstrap, we

create a 95% confidence interval for the difference between VaR for sustainable and

non-sustainable funds, for global and European funds respectively. The aim is to see

whether the hypothesis of there being no difference with regard to VaR can be rejected,

by observing whether 0 is inside or outside the confidence intervals.

Procedure and Results

We use the global funds to describe the procedure. The same procedure is how-

ever repeated for European funds. For the sustainable and non-sustainable global

funds respectively, we simulate a time series of daily log-returns of the same length

as our initial time series, based on the fitted ARMA(5,0)-GARCH(1,1)-models with

skewed Student’s t-distribution from Section 4.2.4. We then refit an ARMA(5,0)-

GARCH(1,1)-model with skewed Student’s t-distribution to the simulated time series

for the sustainable global funds and the non-sustainable global funds, respectively.

From the two refitted models, we simulate 1000 years of daily log-returns (i.e. 253000

daily log-returns) each, from which we compute the VaR0.05 for daily and yearly log-

returns. As before, we do this by multiplying the 253000 daily log-returns and the

1000 yearly log-returns with −1, and then taking the 95% empirical quantile on them,

respectively. By subtracting the simulated daily VaR0.05 for non-sustainable global

funds from the simulated daily VaR0.05 for sustainable global funds, we obtain θ̂∗daily,1.

Likewise, by subtracting the simulated yearly VaR0.05 for non-sustainable global funds

from the simulated yearly VaR0.05 for sustainable global funds, we obtain θ̂∗yearly,1.

From Table 4.9, we see that θ̂daily = 0.935 − 1.041 = −0.106 and θ̂yearly = 18.304 −
18.584 = −0.280. We then create δ∗daily,1 = θ̂∗daily,1 − θ̂daily and δ∗yearly,1 = θ̂∗yearly,1 −
θ̂yearly. Repeating this simulation 1000 times, we obtain δ∗daily,i, i = 1, ..., 1000, and

δ∗yearly,i, i = 1, ..., 1000. The δ∗daily,i and δ∗yearly,i are then sorted from the lowest value to

the largest. The 95% confidence intervals for the difference in VaR between sustainable

and non-sustainable global funds are then computed as [θ̂daily − δ∗daily,sort,975, θ̂daily −
δ∗daily,sort,25] for daily log-returns, and [θ̂yearly − δ∗yearly,sort,975, θ̂yearly − δ∗yearly,sort,25] for

yearly log-returns. Here, δ∗daily,sort,975, δ
∗
daily,sort,25, δ

∗
yearly,sort,975 and δ∗yearly,sort,25 are the

975th and 25th values among the sorted δ∗daily and δ∗yearly, respectively. The procedure

is repeated for the European funds. The resulting confidence intervals are all presented

in Table 4.10. Since 0 is inside all four 95% confidence intervals, we cannot reject the

hypothesis that there is no difference in the VaR between the sustainable and non-
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sustainable portfolios, regardless of whether it is daily or yearly log-returns, or whether

it is global or European funds.

Type of fund VaR confidence interval, daily VaR confidence interval, yearly

Global funds [−0.256, 0.049] [−3.770, 7.542]

European funds [−0.218, 0.294] [−4.034, 10.069]

Table 4.10: 95 % confidence intervals for the difference in VaR0.05 for sustainable and
non-sustainable funds, for daily and yearly log-returns.
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4.4 Further Testing

4.4.1 Using the 5% Quantile for Portfolio Creation

In the previous sections, we used the 10% quantile to create the sustainable and

non-sustainable portfolios. I.e., the sustainable portfolios consisted of the 10% funds

with best Morningstar Portfolio Sustainability Score and the non-sustainable portfolios

consisted of the 10% funds with worst Morningstar Portfolio Sustainability Score,

within global and European funds respectively. Based on this, we did not find a

significant difference in the long-run volatility and the value at risk (VaR) between

the sustainable and non-sustainable portfolios. However, to test whether these results

are specific to the 10% quantile or if they still hold for other quantiles, we use the 5%

quantile to create the sustainable and non-sustainable portfolios in this section, to see

whether the conclusions are still the same.

Procedure and Results

We use the 5% quantile to create the sustainable and non-sustainable portfolios. I.e.

we let the 5% funds with best Morningstar Portfolio Sustainability Score constitute

the sustainable portfolio and the 5% funds with worst Morningstar Portfolio Sustain-

ability Score constitute the non-sustainable portfolio, for global and European funds

respectively. We fit an ARMA(5, 0)-GARCH(1,1) model with skewed Student’s t-

distribution to the log-returns of the portfolios. Summaries of the results of the model

fits are presented in Table 4.11 for global funds, and Table 4.12 for European funds.

The ACF plots are shown in Figures 4.31, 4.32, 4.33 and 4.34. Figures 4.35 and 4.36

show the QQ plots. The simulated daily and yearly VaR0.05 are shown in Table 4.13.

Using the same methodology as in Sections 4.3.1 and 4.3.2, the resulting confidence

intervals for the long-run volatility and the daily and yearly VaR0.05 are presented in

Table 4.14.

Analyzing the resulting confidence intervals in Table 4.14, we see that 0 is inside all

confidence intervals. Thus, using the 5% quantile for portfolio creation, the conclusion

is still that there is no significant difference between the long-run volatility, the daily

VaR and the yearly VaR for global and European sustainable and non-sustainable

funds.
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Parameter Global sustainable Global non-sustainable

φ1 0.2379122 0.2930236

φ2 −0.0539452 −0.0869725

φ3 0.0563618 0.0461538

φ4 −0.0382826 −0.0162986

φ5 0.0024693 −0.0098021

α0 0.0326672 0.0305668

α1 0.0958093 0.0717166

β1 0.7970618 0.8485458

γ 0.8873640 0.8790134

ν 7.3595244 8.9240207

Long-run volatility 0.552 0.619

p-value Ljung-Box (lag 15) 0.985 0.982

p-value Ljung-Box (squared, lag 15) 0.747 0.154

Table 4.11: Results of model fit for global funds using the 5% quantile, ARMA(5, 0)-
GARCH(1,1) with skewed Student’s t-distribution.

Parameter European sustainable European non-sustainable

φ1 0.096231 0.1434233

φ2 −0.027358 −0.0279764

φ3 0.030266 0.0585859

φ4 −0.084760 −0.0718952

φ5 0.014013 −0.0040343

α0 0.030791 0.0314806

α1 0.112014 0.1537049

β1 0.825597 0.7777337

γ 0.898817 0.8600830

ν 7.425272 10.0000000

Long-run volatility 0.703 0.678

p-value Ljung-Box (lag 15) 0.794 0.805

p-value Ljung-Box (squared, lag 15) 0.906 0.988

Table 4.12: Results of model fit for European funds using the 5% quantile,
ARMA(5, 0)-GARCH(1,1) with skewed Student’s t-distribution.

Portfolio Observed daily VaR0.05 Observed yearly VaR0.05

Global sustainable 0.935 18.251

Global non-sustainable 1.074 19.169

European sustainable 1.148 19.087

European non-sustainable 1.119 19.587

Table 4.13: Observed daily and yearly value at risk for the four portfolios, using the
5% quantile for portfolio creation.
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Figure 4.31: ACF plots for the portfolio of sustainable global funds using the 5%
quantile, ARMA(5,0)-GARCH(1,1) with skewed Student’s t-distribution.
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Figure 4.32: ACF plots for the portfolio of non-sustainable global funds using the 5%
quantile, ARMA(5,0)-GARCH(1,1) with skewed Student’s t-distribution
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Figure 4.33: ACF plots for the portfolio of sustainable European funds using the 5%
quantile, ARMA(5,0)-GARCH(1,1) with skewed Student’s t-distribution.
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Figure 4.34: ACF plots for the portfolio of non-sustainable European funds using the
5% quantile, ARMA(5,0)-GARCH(1,1) with skewed Student’s t-distribution.
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Figure 4.35: Skewed Student’s t QQ plots for the standardized residuals of the port-
folios of global funds using the 5% quantile, ARMA(5,0)-GARCH(1,1) with Skewed
Student’s t-distribution.

Type of fund Long-run volatility Daily VaR Yearly VaR

Global funds [−0.176, 0.037] [−0.312, 0.024] [−5.058, 6.960]

European funds [−0.206, 0.271] [−0.254, 0.324] [−7.652, 8.505]

Table 4.14: 95% confidence intervals for the difference in long-run volatility and VaR0.05

for sustainable and non-sustainable funds, using the 5% quantile for portfolio creation.
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tainable portfolio

−4 −2 0 2

−
4

−
2

0
2

Skewed Student's t QQ plot, European non−sustainable

Theoretical quantiles

S
ta

nd
ar

di
ze

d 
re

si
du

al
s

(b) Skewed Student’s t QQ plot, European
non-sustainable portfolio

Figure 4.36: Skewed Student’s t QQ plots for the standardized residuals of the portfo-
lios of European funds using the 5% quantile, ARMA(5,0)-GARCH(1,1) with Skewed
Student’s t-distribution.
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4.4.2 Using an ARMA(1,1)-GARCH(1,1) Model With Skewed

Student’s t-Distribution

As concluded earlier in Section 4.2.4, an ARMA(5,0)-GARCH(1,1) model with skewed

Student’s t-distribution gave the best fit to all four portfolios. However, one might

wonder if a simpler model such as an ARMA(1,1)-GARCH(1,1) would also give a

satisfactory fit to the portfolios and if it would lead to similar results in terms of

long-run volatility and value at risk (VaR). In this section, we present the results from

fitting an ARMA(1,1)-GARCH(1,1) model with skewed Student’s t-distribution to all

four portfolios.

Procedure and Results

We fit an ARMA(1, 1)-GARCH(1, 1) model with skewed Student’s t-distribution to

the log-returns of the portfolios. The results of the model fits are summarized in Table

4.15 for global funds, and Table 4.16 for European funds. Figures 4.37, 4.38, 4.39

and 4.40 show the ACF plots. The QQ plots are shown in Figures 4.41 and 4.42.

The simulated daily and yearly VaR0.05 are shown in Table 4.17. Using the same

methodology as in Sections 4.3.1 and 4.3.2, the resulting confidence intervals for the

long-run volatility and the daily and yearly VaR0.05 are presented in Table 4.18.

Looking at the QQ plots in Figures 4.41 and 4.42, we can see that the points are

well aligned with the line for the global and European portfolios. In addition, looking

at the ACF plots, most spikes are within the 95%-confidence intervals. At most, we

see 3 lags outside the confidence interval for the European non-sustainable portfolio.

Furthermore, the p-values for the Ljung-Box test are all well above 0.05. We can thus

draw the conclusion that the simpler ARMA(1, 1)-GARCH(1, 1) model with skewed

Student’s t-distribution also gives a good fit to the four portfolios.

Analyzing the resulting confidence intervals in Table 4.18, 0 is inside all of them, sug-

gesting that we cannot find a significant difference between the long-run volatility, the

daily VaR and the yearly VaR for global and European sustainable and non-sustainable

funds. These results strengthen our findings in Section 4.3.1 and 4.3.2.
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Parameter Global sustainable Global non-sustainable

φ1 −0.06748 −0.02568

θ1 0.31499 0.33104

α0 0.03011 0.03123

α1 0.09589 0.08018

β1 0.80558 0.83289

γ 0.89522 0.89097

ν 7.27744 8.11744

Long-run volatility 0.553 0.599

p-value Ljung-Box (lag 15) 0.940 0.900

p-value Ljung-Box (squared, lag 15) 0.877 0.551

Table 4.15: Results of model fit for global funds using an ARMA(1, 1)-GARCH(1, 1)
model with skewed Student’s t-distribution.

Parameter European sustainable European non-sustainable

φ1 −0.38306 −0.370280

θ1 0.48724 0.499361

α0 0.02557 0.030927

α1 0.10284 0.146908

β1 0.84344 0.785953

γ 0.91032 0.849697

ν 8.42645 10.000000

Long-run volatility 0.690 0.679

p-value Ljung-Box (lag 15) 0.659 0.449

p-value Ljung-Box (squared, lag 15) 0.772 0.988

Table 4.16: Results of model fit for European funds using an ARMA(1, 1)-
GARCH(1, 1) model with skewed Student’s t-distribution.

Portfolio Observed daily VaR0.05 Observed yearly VaR0.05

Global sustainable 0.941 19.123

Global non-sustainable 1.049 21.101

European sustainable 1.129 19.178

European non-sustainable 1.127 18.532

Table 4.17: Observed daily and yearly value at risk for the four portfolios, using an
ARMA(1,1)-GARCH(1,1) model with skewed Student’s t-distribution.
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Figure 4.37: ACF plots for the portfolio of sustainable global funds using an
ARMA(1,1)-GARCH(1,1) model with skewed Student’s t-distribution.
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Figure 4.38: ACF plots for the portfolio of non-sustainable global funds using an
ARMA(1,1)-GARCH(1,1) model with skewed Student’s t-distribution.
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Figure 4.39: ACF plots for the portfolio of sustainable European funds using an
ARMA(1,1)-GARCH(1,1) model with skewed Student’s t-distribution.
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Figure 4.40: ACF plots for the portfolio of non-sustainable European funds using an
ARMA(1,1)-GARCH(1,1) model with skewed Student’s t-distribution.
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Figure 4.41: Skewed Student’s t QQ plots for the standardized residuals of the port-
folios of global funds using an ARMA(1,1)-GARCH(1,1) model with skewed Student’s
t-distribution.

Type of fund Long-run volatility Daily VaR Yearly VaR

Global funds [−0.151, 0.051] [−0.283, 0.054] [−6.729, 3.914]

European funds [−0.200, 0.243] [−0.259, 0.325] [−9.111, 8.591]

Table 4.18: 95% confidence intervals for the difference in long-run volatility and VaR0.05

for sustainable and non-sustainable funds, using an ARMA(1,1)-GARCH(1,1) model
with skewed Student’s t-distribution.
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(a) Skewed Student’s t QQ plot, European sus-
tainable portfolio
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Figure 4.42: Skewed Student’s t QQ plots for the standardized residuals of the port-
folios of European funds using an ARMA(1,1)-GARCH(1,1) model with skewed Stu-
dent’s t-distribution.
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5. Discussion and Conclusion

Sustainable investments are increasing in popularity and companies are increasingly

being evaluated not only by their financial metrics, but also by non-financial metrics

in terms of ESG factors. Many studies have been conducted on the performance of

sustainable investments, across different markets and asset classes, and the results

have been inconclusive. In the subset of sustainable investments covered in this the-

sis, we investigate how European and global sustainable mutual funds relate to non-

sustainable mutual funds in terms of risk, during the time period of December 2015

to August 2019. The sample of funds consists of 2998 global funds and 2211 Euro-

pean funds from Morningstar’s database. We divide the funds into sustainable and

non-sustainable portfolios based on their Morningstar Portfolio Sustainability Score,

by putting the 10% with highest score into the sustainable portfolio, and the 10% with

lowest score into the non-sustainable portfolio. The portfolios are rebalanced every day

to keep them equally weighted. They will, however, consist of the same funds during

a whole month, since the Morningstar score is updated monthly. We then proceed to

model each portfolio’s daily log-returns using GARCH time series.

In our study, we find that ARMA(5,0)-GARCH(1,1) models with skewed Student’s

t-distribution are the best fit to the daily log-returns of our four portfolios. The

estimated parameters for the four models are presented in Tables 4.7 and 4.8. These

four models all show satisfactory results in the model validation tests, i.e. the ACF

plots of the standardized residuals and squared standardized residuals, the Ljung-Box

tests and the QQ plots. With these fitted models, we use parametric bootstrap to

compute confidence intervals for the difference in long-run volatility and VaR between

the sustainable and the non-sustainable portfolios. In the case with global funds as

well as with European funds, we find 0 inside the 95% confidence intervals, indicating

that there is no significant difference between the long-run volatility and VaR for

sustainable and non-sustainable funds.

Apart from using the 10% quantile to categorize funds as sustainable or non-sustainable,

we also analyze the results from using the 5% quantile. One would expect there to

be larger differences between the mutual funds in each of the 5% ends of the Morn-

ingstar Portfolio Sustainability Score, compared to the 10% ends, and thus that one

might see a significant difference in the long-run volatility and VaR when using the
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5% quantile. However, our results indicate that even when using the 5% quantile

for portfolio creation, 0 is still found inside the confidence intervals for the differ-

ence in long-run volatility, daily VaR and yearly VaR. In addition, a simpler model,

ARMA(1,1)-GARCH(1,1) with skewed Student’s t-distribution, is tested in order to

explore the robustness of our results and how dependent they are on the fitted model.

The model fit show satisfactory results in regard to the ACF plots, Ljung-Box p-values

and QQ plots, although not as good as for the ARMA(5,0)-GARCH(1,1) model with

skewed Student’s t-distribution. As for the 5% and 10% quantile, 0 is found within

the confidence intervals for all four portfolios. Therefore, we conclude that, in this

study, we cannot find any difference in the risk of sustainable and non-sustainable

funds.

Our results contradict those of Santomil et al. (2019) who claimed that a higher

ESG score implied lower VaR for funds in the investment area of Europe, Euroland

and Europe ex-UK during 2016-2018. On the other hand, they agree with Steen et

al. (2019), who could not find any difference in terms of volatility when comparing

funds with high and low Morningstar sustainability score. Our results also agree with

what Sadorsky (2014) arrived at when he investigated the differences in dynamics

when modeling a sustainable and conventional index against gold and oil. Sadorsky

could not find any differences in terms of conditional correlations, hedge ratios and

optimal portfolio weights between the two indices. Overall, our results are in line with

our expectations due to the fact that most studies do not find a significant difference

in performance or risk of socially responsible funds (SRF) compared to conventional

ones.

There are some limitations in the study, which we believe could be investigated in

further research. An important aspect to consider is the state of the economy dur-

ing the period of investigation, since it might affect the performance. Nofsinger &

Varma (2014) found that SRF outperformed conventional mutual funds during pe-

riods of market crisis, while underperforming during normal market conditions [25].

Since we, in this study, analyze the time period of December 2015 to August 2019,

we omit large macroeconomic events such as the financial crisis of 2007-2008 and the

European debt crisis, which could have affected our results when modeling the volatil-

ity. In further research, GARCH modeling under different market conditions could be

investigated.

Furthermore, the choice of sustainability data used for classifying funds as sustainable

or non-sustainable could also affect the results. We use the Morningstar Portfolio

Sustainability Score based on Morningstar’s rating methodology from 2016. However,

Morningstar released a new rating methodology in 2019. In the new methodology, the

Morningstar Portfolio Sustainability Score is based on company-level ESG Risk Rating

from Sustainalytics, which measures the degree to which a company’s economic value

might be at risk due to ESG-issues. As the new rating methodology is based on ESG

risk, it is more in line with what our study aims to measure, compared to the rating
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methodology from 2016. One suggestion for further research is thus to perform the

analysis on the scores from the new rating methodology, as more data based on the

new methodology becomes available in the future. Another suggestion is to classify

the funds based on sustainability data from another rating agency, which might yield

different results.

Moreover, we have, in this study, used global funds and European funds to investigate

the effect of sustainability on risk. For these two fund categories, we observed no

effect. However, the results could be different when analyzing other fund categories,

e.g. industry-specific funds.
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