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ABSTRACT
Investors reacted with panic and fear to the Coronavirus (COVID-19) pandemic and they created financial fluctuations. 
The aim of this study is to examine the volatility levels of S&P500 sector portfolios’ systematic risks in terms of different 
investment horizons. We employed the wavelet approaches that allow for analyzing the behavior of time series both 
jointly at the time and frequency spaces. Thus, we observed the variation of financial beta coefficients, and the volatility 
levels of systematic risks over different investment horizons by sectors. Daily returns of 386 stocks from eleven sectors and 
S&P500 index was used for the period of January 2005 and July 2020. The findings of the study show that the systematic 
risks of sectors vary over different investment horizons. This means that the sensitivity of sectors to the daily movements 
of the market change at various time scales. Moreover, the volatility levels of systematic risks of each sector change over 
different investment horizons during the pandemic period. The results show that investors in the S&P 500 ignore the 
COVID-19 at the beginning, however, they reacted with panic during the pandemic period. In this respect, the findings 
provide supporting evidence on behalf of the Prospect Theory.
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1. INTRODUCTION
In finance, there are widely accepted assumptions 

about financial markets and investors. Two of those 
are that the investors are rational and the information 
about securities fully reflects prices. Those assumptions 
are in regard to the Efficient Market Hypothesis (EMH) 
proposed by Fama (1970). Fama classified the financial 
markets into three groups are about weak, semi-strong, 
and strong. A strong form of efficiency is considered 
impossible in the real world. Because this form assumes 
that the information fully reflects prices and there is no 
irrational investor in the market (Grossman and Stiglitz, 
1980). Thus, the weak and semi-strong forms of the 
EMH are assumed to be applicable in practice (Karp and 
Van Vuuren, 2019). Despite the widespread use of the 
EMH, a large and growing literature criticizes the theory 
(Jensen, 1978; Shiller et.al. 1984; Black, 1986; Bernard 
et.al. 1994; Kahneman and Riepe, 1998; Shleifer, 2000; 
Griggs, 2002; Glen 2005; Jarrett and Kyper, 2006; Aygo-

ren 2008; Robinson, 2013; Xu et.al. 2018; Karp and Van 
Vuuren, 2019). Especially, the rationality assumption 
for investors does not match with the real world. Most 
researchers examined this phenomenon for nearly half 
of the century. The pioneering researchers Kahneman 
and Tversky (1979) stated that investors are not rational 
when they faced a risky choice leading to losses, pecu-
liarly. Thus, this irrational behavior of investors creates 
asymmetric market reactions that people react diffe-
rently between potential losses and potential gains. 
Those reactions are based on emotions such as panic/
courage and fear/greed. When panic or fear occurs in 
the market, unexpected drops might be observed; on 
the contrary, courage or greed can create unexpected 
peaks in the market. In financial markets, financial crises 
might cause unexpected drops and peaks.

Financial markets suffered many kinds of crises in 
history. Several crises affect all over the world, while 
some of them had limited effects on countries or 
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continents. The most recent ones are the Mortgage 
Crisis and the European Debt Crisis. The mortgage crisis 
started in the financing sector of the USA, however, it 
spread out all over the world and created high volatiles. 
After the mortgage crisis, the European debt crisis 
broke out in several European countries and it also 
created high volatiles in financial markets as well as real 
markets. Both crises have common features such as the 
existence of irrational investors, and price fluctuations 
due to emotional trade orders. Those crises gave a 
real-world example to researchers that investors react 
asymmetrically when an extraordinary circumstance 
occurred in the market.

At the end of December 2019, a new potential crisis 
came up from China, this time, the source of the crisis 
was in health. Coronavirus Disease (COVID-19) infected 
Asia, Europe, and North America, rapidly. The disease 
became a pandemic in the short-term. Hundreds of 
thousands of people are still suffering or they passed 
away. Even though it is an outbreak, it has major impa-
cts on financial markets, as well. The effect of COVID-19 
on financial markets can be considered in two groups: 
First, when the World Health Organization announced 
that it is a pandemic and the record number of cases 
and deaths had been seen in Europe, irrational inves-
tors started trading with panic and fear. Therefore, 
the COVID-19 caused to high volatile movements in 
financial markets. Second, the lockdown decisions of 
governments in different countries created uncertainty 
over demand drives, and commodity prices down. As 
a result of this circumstance, the perceived risk level 
of high debt ratio firms increased. This status can be 
explained with a chain relationship between demand, 

production, and revenue. While the uncertainty of 
demand causes stress on the production of goods and 
services, the surplus of supply leads to a decrease in 
revenue and profit. Thus, firms may not pay back their 
liabilities when there is a long quarantine period. With 
the breakdown of the chain relationship, several firms 
may be faced with bankruptcy. In conclusion, investors 
face rising risks in this pandemic time. The average 
debt ratios for the last six quarters of eleven S&P 500 
sectors which are shown in Table 1 can be considered 
as indicators of those rising risks.

According to Table 1, all sectors have average debt 
ratios over 50% except for Energy. Moreover, three of 
them (Utilities, Consumer Discretionary, and Financials) 
have the highest debt ratios. Therefore, investors who 
invest in those three sectors might face a high risk of 
bankruptcy when a crisis strike.

The motivation of this study is based on the vola-
tility levels of S&P500 sectors. It is clear that there are 
fluctuations in returns, however, the impact of the 
pandemic, which is the source of those fluctuations, 
on systematic risks of sectors needs to be explained. 
The aim of this study is to examine the volatility levels of 
S&P500 sector portfolios’ systematic risks in terms of dif-
ferent investment horizons. For this aim, we employed 
the wavelet multi-scaling approach and the wavelet 
power spectrum analysis. The data source is Bloomberg 
Professional Terminal and the dataset constructed with 
the S&P500 stock returns for the period of January 2005 
and July 2020 includes the COVID-19 pandemic crisis. 
Thus, we can observe the behavior of systematic risk 
over different investment horizons before and during 
the COVID-19 pandemic.

Table 1: The average debt ratios of S&P500 sectors

Sectors Q3-2018 Q4-2018 Q1-2019 Q2-2019 Q3-2019 Q4-2019 Average

Communication Services 60.36% 65.96% 62.91% 61.97% 61.30% 61.32% 62.30%

Consumer Discretionary 72.02% 73.63% 74.44% 76.38% 77.16% 76.86% 75.08%*

Consumer Staples 67.81% 68.66% 68.34% 68.31% 68.54% 68.55% 68.37%

Energy 48.02% 47.78% 48.99% 49.56% 50.62% 52.31% 49.55%

Financials 79.53% 79.74% 79.90% 79.54% 79.49% 79.47% 79.61%*

Health Care 54.22% 54.51% 55.02% 55.25% 56.07% 56.49% 55.26%

Industrials 61.37% 62.23% 62.53% 62.62% 63.00% 62.87% 62.44%

Information Technology 64.10% 63.53% 64.19% 64.49% 62.37% 61.91% 63.43%

Materials 60.83% 60.29% 60.26% 60.17% 59.78% 60.06% 60.23%

Real Estate 56.94% 56.83% 57.33% 57.58% 58.09% 58.14% 57.49%

Utilities 73.08% 73.27% 73.76% 73.92% 73.71% 72.49% 73.37%*

* indicates three sectors which have the highest debt ratios
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The structure of the study is as follows. The second 
section briefly describes the theoretical framework of 
CAPM and the next section introduces methodology. 
The fourth section conveys information about the 
data and presents descriptive statistics of the dataset. 
The fifth section provides empirical evidence from the 
analysis. Finally, some remarkable inferences related to 
findings are made in the conclusion section.

2. THE FRAMEWORK OF CAPM
There are various investors in terms of having diffe-

rent investment horizons in the financial markets. Those 
investors might be intraday investors, day investors, 
short-term and long-term traders. Intraday investors 
execute trades within a given day whereas day inves-
tors may take their positions overnight. Short-term 
traders respond to market information within a short-
term horizon while long-term traders interest in price 
fundamentals which drives all trends in the financial 
market. Consequently, all activities of those investors 
cause to heterogeneous market activities and generate 
market prices. According to In and Kim (2013), the true 
dynamic relationships between the various aspects 
of market activity could be only captured when the 
market prices are decomposed to different timescales. 
This viewpoint brings the question to mind how stock 
returns respond to different risk factors across different 
timescales or investment horizons. More clearly, how 
the beta in the Capital Asset Pricing Model (CAPM) 
(Equation 1) that indicates the stock return-market risk 
relationship changes over different timescales?

 (1)

 : The return of ith financial asset

 : The risk-free return of market

 : Financial beta coefficient of ith asset

 : The return of market index

 : Error term

Some studies on beta estimations scrutinized the 
variability of beta based on different time intervals. 
One of the pioneer studies Levhari and Levy (1977) 
indicated that when the time horizon is selected as 
shorter than the true one, the beta estimates will be 
biased. Cohen et al. (1986), presented some findings 
on the sensitiveness of beta estimations according to 
different data frequencies. Similarly, Handa et al (1989) 
showed that beta estimates vary by data frequency 
for the same stock. Handa et al (1993) found out the 
CAPM is valid for yearly return intervals while it is not 
for monthly ones by using portfolio returns on NY-

SE-AMEX stocks. Brailsford and Faff (1997) examined 
the validity of CAPM for daily, weekly, and monthly 
returns in the Australian stock market and report that 
the CAPM is supported especially for weekly and then 
monthly return intervals while it is rejected for yearly 
ones. Gençay et al. (2003) investigated the impact of 
different data frequencies on beta estimation by cho-
osing a stock from the US market. They reported that 
the number of observations decreases towards the low 
data frequencies and this results in information loss. 
Gençay et al. (2003) proposed a new approach based 
on the wavelet analysis to consider the sensitiveness 
of beta estimations to different time timescales. This 
approach provides a natural platform to decompose a 
time series measured at the highest possible frequency 
into different timescales. Their findings provide some 
evidence that the relationship between the return of a 
portfolio and its beta becomes stronger as the times-
cale increases. In a similar manner, Gençay et al. (2005) 
used the wavelet analysis to estimate the beta or sys-
tematic risk of an asset for different stock markets such 
as the US, Germany, and the UK. Their empirical results 
show that the return-beta relationship is a multiscale 
phenomenon and the relationship is stronger at long 
timescales compared to short timescales.

In this study, we aim to investigate the systematic 
risks across different timescales by the wavelet ap-
proach. The analysis period of January 2005 and July 
2020 includes the COVID-19 pandemic crisis. In this 
way, we can observe the behavior of systematic risk 
over different investment horizons before and during 
the COVID-19 pandemic. It is easy to understand that 
there are fluctuations in returns during the pandemic 
period, however, the impact of those fluctuations on 
systematic risks needs to be explained. Therefore, we 
also examine the volatility levels of systematic risk 
based on the wavelet approach.

3. METHODOLOGY
The short-term and long-term concepts are crucial 

in the modeling of financial decisions. Some investors 
operating in the market for stocks may have a long 
investment horizon and may execute trading according 
to market fundamentals while some others may carry 
out trading with shorter time-horizons such as days or 
weeks. The wavelet approach provides a natural tool to 
the finance discipline which timescale is substantial, by 
decomposing the data into different timescales. Thus, 
investigation of the relationships between variables 
at the disaggregated level rather than the aggregate 
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level will provide new insights into the analysis. There 
are a few more reasons for using the wavelet approach 
instead of a standard time series technique. One of 
them is that it allows for analyzing nonstationary data 
without applying any transformation such as differen-
cing or detrending (Gallegati et al., 2006). The wavelet 
approach also allows for analyzing the behavior of time 
series both jointly at the time and frequency spaces, 
and thus, it can reveal different properties of the origi-
nal time series. Furthermore, the nonparametric nature 
of wavelets considers potential nonlinear relationships 
without losing information (Schleicher, 2002). The 
superiorities of the wavelet approach to the standard 
time series techniques prompt to use the wavelet ap-
proach to examine the behavior of betas or systematic 
risk of portfolios. In this section, we will explain different 
wavelet approaches that are used in the study.

3.1. Wavelet Approach

The various applications of the wavelet approach in 
economics and finance have rapidly increased over the 
recent 20 years. Some studies play an important role 
in escalating the other empirical studies in economics 
and finance related to the wavelet approach (Ramsey 
and Lampart, 1988; Percival and Walden, 2000; Ram-
sey, 1999; 2002; Gençay et al., 2001;2002; 2003;2005; 
Schleicher, 2002; Kim and In, 2003; Capobianco, 2004; 
Shik Lee, 2004; Connor and Rossiter, 2005; Crowley and 
Lee, 2005; Crowley, 2007). Following these studies, we 
investigate the evolution of betas or systematic risks 
in the CAPM with respect to time and show at which 
frequencies the betas are active. 

In wavelet analysis, appealing characteristics of time 
series at different frequencies (low and high) and diffe-
rent time horizons (short-term and long-term scales) 
might be revealed by applying the wavelet transform 
to time series. The wavelet transforms are generally 
classified into two groups such as discrete and conti-
nuous. Discrete wavelet transform (DWT) reduces the 
fluctuations in the data and provides a smoother data 
view, thus providing the inference about the whole 
data based on the components of the data divided into 
different timescales. On the other hand, continuous wa-
velet transform (CWT) reveals detailed features of the 
data (Grinsted et al., 2004). Moreover, it is not necessary 
to detect the structural breaks since CWT can capture 
all the dynamics of the financial time series (Saiti et 
al., 2016). In CWT, the number of timescales is directly 
determined according to the length of data whereas it 
is an issue in DWT (Altarturi et al., 2016). In this study, we 

apply different wavelet approaches based on DWT and 
CWT. Therefore, we use both DWT and CWT.

3.2. Wavelet Multiscaling Analysis

Wavelet multiscaling analysis (WMA) provides 
decomposing the time series into different timescales 
of variations using the wavelet transform. For wavelet 
transforms, there are two types of wavelet functions 
defined as father ( ) and mother wavelet ( ) functions. 
Father wavelet denotes the low-frequency components 
and the smooth part of the original data, while the 
mother wavelet denotes the high-frequency compo-
nents of the original data, so it reflects the details about 
the data. The definition of father and mother wavelet 
functions are as follows:

 (2)

 (3)

where j=1,2, ⋯ ,J is the scaling parameter in a J-level 
decomposition and k is a location parameter. Scaling 
parameter controls the length of the wavelet and the 
location parameter determines the position of the 
wavelet. The scaling parameter from 1 to J indicates 
that the time series is decomposed into J different time 
scales and J is the highest level of timescale.

(.) and (.) are real-valued functions defined over 
real axis (-∞,+∞) and they provide the following norma-
lization conditions:

 (4)

 (5)

A wavelet representation of a time series x(t) in 
 can be given by,

 (6)

where   
with  are the wavelet 
transform coefficients. More specifically,  are the 
coefficients for the father wavelet at the highest scale 
and known as the smooth coefficients that capture the 
trend.  are the detailed coefficients obtained from 
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the mother wavelet at all scales from 1 to J and can 
capture the higher frequency oscillations.

The expression in Equation (7) can be demonstrated 
in a more compact way:

 (7)

This expression includes the components of  
that are decomposed into different timescales and 
it is defined multiscale decomposition.  is the 
component at the highest timescale and indicates the 
smooth part of the data.  captures cyclical move-
ments of  periods. Thus,  
are details that include oscillations in the data at 2-4, 
4-8,…,  timescales, respectively. Herein, small 
values of j correspond to low-scale (high-frequency) 
components of , whereas large values of j cor-
respond to high-scale (low-frequency) components of 

 (Habimana, 2019: 91).

Selection of Wavelet Transform

In the wavelet multiscaling analysis, it is important 
to select an appropriate wavelet transform. This analysis 
is performed based on DWT. There is one more discrete 
wavelet transform called the maximal overlap discrete 
wavelet transform (MODWT) which is a non-orthogonal 
variant of DWT and has some superiorities over DWT. 
Unlike the classical DWT, MODWT can deal with any 
sample size regardless of whether dyadic3 or not and 
MODWT provides at each scale a number of coefficients 
equal to the length of the original time series. In cont-
rast to the DWT, the detail and smooth coefficients are 
invariant with respect to shifts in the original time series. 
Moreover, MODWT produces a more asymptotically 
efficient wavelet variance estimator than DWT (Percival 
and Mofjeld, 1997). In this study, we use MODWT for the 
wavelet multiscaling analysis because of its advantages 
over DWT. The detail and smooth coefficients based 
on MODWT are obtained using the Pyramid algorithm 
(Mallat, 1989).

Selection of Wavelet Filter and Length

After determining the appropriate wavelet trans-
form, it is also required to choose a suitable wavelet 

3 The term of dyadic means that the sample size is divisible by .

filter. The most known wavelet filters are Haar filter of 
length 2, Daubechies (“D”), and Least-Asymmetric (“LA”) 
filters of length 4–8. Most researchers opt for either the 
wavelet filters of D(4), D(8), LA(4), or LA(8) in finance. 
Gençay et al. (2003, 2010) state that the LA (8) wavelet 
is an appropriate choice to analyze financial time series. 
On the other hand, Crowley (2007) expresses that the 
selection of another wavelet filter has a quite limited 
impact on the distribution of the variance of time 
series across different timescales. However, he states 
that the length of the wavelet filter should be 8 for 
financial series and volatile economic series.  According 
to Masset (2015), some properties of wavelet filters are 
determinative in the selection of wavelet filters. Those 
properties are symmetry, orthogonality, smoothness, 
and the number of vanishing moments. Symmetric 
wavelet filters ensure that the original time series and 
its filter coefficients will be aligned. Even though most 
wavelet filters are not symmetric except for the Haar 
wavelet, MODWT provides the appropriate conditions. 
The orthogonality feature ensures that wavelet coeffi-
cients involve different information and allows for the 
wavelet decomposition to preserve the variance of 
the original time series. In the case of the original time 
series are very smooth, then a smooth wavelet might 
be preferred. Haar wavelet is the least smooth wavelet, 
and so, appropriate for the analysis of a pure jump 
process. The number of vanishing moments provide 
us to make an inference on the ability of the wavelet to 
consider the behavior of the time series. If an original 
time series has a polynomial structure with order q, 
then the wavelet transform will be able to accurately 
account for this polynomial structure only if it has q 
vanishing moments. In other words, if the selected 
wavelet filter does not reflect the underlying features 
of data, then the wavelet multiscaling analysis will be 
inefficient. The last two features are not only related to 
the wavelet filter but also on its length. As the length 
of the wavelet filter increases, a better fitting of data 
can be obtained. However, this increases the effect of 
boundary coefficients that is, longer wavelets produce 
more outliers at the endpoints of time series than 
shorter filters, especially at the lower scales. Therefore, 
there is a trade-off relationship between properties and 
length. The LA(8) can tolerate the effect of boundary 
conditions and also produces relatively smooth and 
uncorrelated wavelet coefficients (Cornish et al., 2006; 
Gençay et al., 2002).
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Wavelet Power Spectrum Analysis

The wavelet power spectrum analysis is performed 
based on CWT. Given a time series , its CWT 
with respect to the mother wavelet, , a function of 
two parameters,  can be expressed by:

 (8)

where,  is a normalization factor to assure that 
wavelet transforms are comparable across different 
timescales (Rua and Nunes, 2009: 633).  is a scaling 
parameter that controls the length of the wavelet and 

 is location parameter providing the exact position of 
the wavelet (Percival and Walden, 2000). To be a mother 
wavelet,  should meet some conditions: it must 
have zero mean,  its square integrates 
to unity,  which ensures that  is 
limited to an interval of time; and the admissibility 
condition,  should be provided, 
where  is the Fourier wavelet transformation of 

. This condition allows the reconstruction of a time 
series  from its CWT through the following formula:

 (9)

There are many different mother wavelet functions 
such as Morlet, Mexican Hat, Haar, Daubechies, and each 
of them has its own characteristics. The Morlet wavelet 
is the most commonly used because it has optimal joint 
time-frequency concentration (Aguiar-Conraria and 
Soares, 2011). The definition of Morlet wavelet can be 
given by:

 (10)

where,  is the central frequency of the wavelet 
and is generally set to 6 in the literature. Thus, the 
optimal balance in time-frequency space is achieved 
(Aloui and Hkiri, 2014).

An important feature of CWT is energy preservation 
and this means that the sum of the variances of each 
time scale is equal to the variance of the original time 
series. The variance of time series reconstructed by 
CWT can be expressed using this feature as follows:

 (11)

This expression is employed for the wavelet power 
spectrum (WPS) analysis. The wavelet power can be 
defined as a measure of the local volatility or the local 
variance for  at time-frequency space. The findings 
of WPS analysis are interpreted through the plots. 

Plots of the wavelet power spectrum reveal interes-
ting structures, like dominant timescales of variation in 
the data or characteristic scales (Gallegati et al., 2014).

4. DATA
The preparation process of the dataset contains 

two stages. At the first stage, daily returns of 386 stocks 
and index returns were gathered from eleven sectors of 
S&P500 for the period of January 2005 and July 2020. 
The assets were selected from the stocks which trade 
continuously and have not to include missing values. 

After gathering the return data, sector portfolios 
were constructed giving equal weights to each sector 
stock. The output of the first stage is eleven sector 
portfolio time series for the data period. At the second 
stage, portfolio beta coefficients over the last 100 days 
which present the systematic risk are calculated. To do 
so, the first 100 observations are used to calculate the 
betas and the computations are movingly repeated. 
The output of the second stage is the sector-based daily 
beta time series from May 2005 to July 2020. In the first 
and second stages, the dataset was obtained from 
the Bloomberg Professional Terminal. The descriptive 
statistics for sector-based portfolio returns and beta 
time series are given in Table 2 and Table 3.
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Table 2: Descriptive statistics of sector-based portfolio returns

Mean Median Maximum Minimum Std. Dev. Skewness Kurtosis JB Stat.

Communication Services 0.000314 0.000375 0.126073 -0.10600 0.013234 -0.26566 14.37999 21939

Consumer Discretionary 0.000243 0.000324 0.148131 -0.17627 0.015612 -0.50378 16.46060 30799

Consumer Staples 0.000313 0.000361 0.078645 -0.09226 0.009250 -0.25456 13.78624 19710

Energy 0.000047 0.000000 0.185770 -0.35297 0.021537 -1.49628 29.53355 120524

Financials 0.000105 0.000335 0.137149 -0.16346 0.018816 -0.50518 17.90968 37750

Health Care 0.000459 0.000559 0.108202 -0.10785 0.011836 -0.55745 12.52912 15559

Industrials 0.000343 0.000550 0.116874 -0.11534 0.014449 -0.45488 11.96237 13718

Information Technology 0.000417 0.000554 0.109648 -0.14017 0.014252 -0.38035 12.31058 14751

Materials 0.000255 0.000538 0.111732 -0.12429 0.015156 -0.59108 12.53940 15619

Real Estate 0.000202 0.000472 0.184479 -0.20279 0.019181 -0.46953 21.79700 59876

Utilities 0.000206 0.000603 0.122441 -0.13705 0.012085 -0.16057 21.07477 55242

SPX Index 0.000246 0.000391 0.109572 -0.12765 0.012317 -0.56334 17.83681 37425

Table 3: Descriptive statistics of sector-based betas

Mean Median Maximum Minimum Std. Dev. Skewness Kurtosis JB Stat.

Communication Services 0.978698 0.977967 1.298431 0.677309 0.090011 0.600775 4.261278 500

Consumer Discretionary 1.109495 1.092378 1.772549 0.766241 0.148746 1.022775 5.033220 1371

Consumer Staples 0.645192 0.643165 0.898624 0.311774 0.113286 -0.03104 2.541526 35

Energy 1.253066 1.278599 2.175671 0.372137 0.241197 0.00000 3.453950 78

Financials 1.215208 1.180257 2.188702 0.840094 0.241666 1.366538 5.588289 2336

Health Care 0.931627 0.952272 1.215997 0.601696 0.123650 -0.52289 3.090068 181

Industrials 1.138834 1.136317 1.654646 0.913439 0.116442 0.797318 4.605765 844

Information Technology 1.155720 1.116662 1.954910 0.890986 0.159388 1.922459 8.522592 7467

Materials 1.135597 1.132073 1.513311 0.843245 0.115045 0.302336 3.218869 68

Real Estate 0.959628 0.944488 2.367097 0.251386 0.396437 0.891957 4.135503 737

Utilities 0.598561 0.625846 1.251936 -0.294540 0.259816 -0.246570 2.992353 40

There are some remarkable findings in Table 3. The 
mean of beta coefficients as a systematic risk indicator 
differs among the sectors. In real estate and utilities se-
ctors, while the means of beta coefficients lower than 1, 
they have high standard deviations. When a beta lower 
than 1 generally means that the asset is less sensitive to 
the movements of the market. Thus, those sectors are 
less sensitive to the daily movements of the market, 
however, the systematic risks of the sectors are not 
stable. When a crisis strikes the market, it is expected 
that the impact of crisis might be high in those sectors. 
Moreover, the reason for that the real estate sector has 
the highest standard deviation might be the mortgage 
crisis. On the other side, in energy and financial sectors, 
while the means of beta coefficients are greater than 1, 
they have high standard deviations. It means that those 
sectors are more sensitive to the daily movements of 

the market and not stable in terms of systematic risks. 
Those sectors might be evaluated as high risky sectors 
for investors.

5. EMPIRICAL FINDINGS
In this section, firstly, we investigate the return se-

ries of each S&P 500 sector between January 2005 and 
July 2020 (Figure 1). Return is a fundamental indicator 
of financial analysts. Therefore, our starting point is the 
return analysis while investigating the impact of the 
pandemic on financial markets. Secondly, we employ 
the wavelet multi-scaling approach to estimate beta 
coefficients for each S&P 500 sector over different ti-
mescales (Figure 2). Finally, we apply the wavelet power 
spectrum (WPS) analysis for the sector-based daily beta 
time series (the systematic risks of each sector). The 
findings of WPS analysis are presented in Figure 3.
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Figure 1: The return series of each S&P 500 sector

In Figure 1, there are obvious fluctuations because 
of the mortgage crisis in 2008 in all return series of S&P 
500 sectors. Moreover, it is clear that there are high 
volatile periods similar to mortgage crisis periods for 
all graphs in 2020 due to the COVID-19 pandemic, as 
well. However, those fluctuations seem to higher than 
the mortgage crisis periods for most of the sectors 
(Consumer Discretionary, Consumer Staples, Energy, 
Health Care, Information Technology, Real Estate, Uti-
lities). Thus, it can be said that there is a major impact 
of the COVID-19 pandemic on S&P 500 sector returns. 
Therefore, it is needed to be investigated deeply.

For a detailed investigation, we employ the wavelet 
multi-scaling approach. In this analysis, we focus on the 
data period of September 2019 to July 2020 to unders-

tand the impact of the COVID-19 pandemic better. The 
results of the analysis are presented in Figure 2.

In Figure 2, the beta coefficients for each S&P 500 
sector over the different timescales are given. The 
scales indicate different investment horizons, herein 
scale 1, scale 2, scale 3, scale 4, and scale 5 represent 
respectively a period of 2-4 days, 4-8 days, 8-16 days, 
16-32 days, and 32-64 days. The results show that the 
systematic risks of each sector vary over the different 
timescales in the pandemic period. From scale 1 to 
scale 4 (towards low frequencies), communication ser-
vices became more sensitive to the daily movements 
of the market, however, the sector’s beta coefficient 
became lower than 1 again at scale 5. Furthermore, 
while consumer discretionary, energy, financials, in-
dustrials, information technology, materials, and real 
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estate sectors are sensitive to the daily movements of 
the market, consumer staples, health care, and utilities 
sectors are less sensitive during the pandemic period.

The systematic risk is a kind of aggregate risk for 
financial markets and impossible to completely avoid. 
Furthermore, it is an indicator of market risk and un-
derlying other investment risks, such as sector risks. 
Investors should follow the fluctuations of systematic 
risk attentively because it is not predictable and mana-
geable. It is expected that the systematic risk is higher 
in the financial crisis periods because of the rising 
uncertainty than the normal periods. Hence, the impact 
of the pandemic period as a financial crisis on different 
sectors should be examined deeply. The WPS approach 
might be applied to examine the change of volatility in 
betas (or systematic risks) over different timescales. For 
this aim, we generated the sector-based daily beta time 
series from May 2005 to July 2020 and used the data 

4  The CWT assumes that time series are cyclical but when we apply this assumption for finite-length time series, some problems emerge 
such as border distortions in wavelet analysis. Accordingly, the values of the transform at the beginning and the end of the time series 
might be inaccurately computed. A way in order to avoid this problem is to pad the ends of the series with zeros. However, zero-padding 
will induce discontinuities at the endpoints, particularly while moving towards lower frequencies (higher scales). This approach may also 
lead to uncertainty whether the variance or volatility as moving towards lower frequencies is actually declined or not. The variance may 
actually decrease or due to the zero values at the end of the transformed time series. Therefore, the shaded areas under the thin black line 
should be carefully interpreted not to make incorrect inferences (Jiang et al., 2015; Gallegati et al., 2014).

period of September 2019 to July 2020 to understand 
the effect of the COVID-19 pandemic better, as well.

In Figure 3, the plots demonstrate the WPS’s for 
financial betas of each sector portfolio, i.e. how the 
variance of financial betas or its volatility changes over 
time for different frequencies. The horizontal axis in 
WPS plots indicates a time period while the vertical axis 
on the left side shows scales based on daily frequencies. 
The vertical axis on the right side demonstrates the 
wavelet power measured by volatility. On this axis, 
wavelet power is represented by colors and the red 
color corresponds to high power (volatility) whereas 
the blue one to low power (volatility). In the plots of 
WPS, the black contour lines show the 5% significance 
level based on Monte Carlo simulations. The shaded 
area below the thin black line refers to a kind of edge 
effect4.

Figure 2: The beta coefficients for each S&P 500 sector over the different timescales
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Figure 3: WPS’s for financial betas of each sector portfolio

It is clear that there are significant volatility changes 
over different investment horizons for each S&P 500 
sector in the pandemic period. All significant volatility 
changes in sectors are observed from January to April. 
However, the impact of the pandemic on volatility 
differs by the sectors. There is high and significant 
volatility for energy sector at scale 3 (8-16 days). The 
investors who invested in that sector react to the 
pandemic for cycles of 8-16 days. High and significant 
volatilities can be observed at scale 4 (16-32 days) 
for communication services, consumer discretionary, 
and financials sectors. High and significant volatilities 
can be observed at scale 5 (32-64 days) for consumer 
staples, health care, industrials, information techno-
logy, materials, real estate and utilities sectors. The 
investors who invested in those sectors react to the 
pandemic for cycles of 32-64 days. Significant volatility 
of the systematic risk can be observed at all scales for 
consumer staples, health care, industrials, information 
technology, and real estate sectors. However, the level 
of volatility is quite low for the real estate sector at all 
scales except for scale 5. In the health care sector, the 
level of volatility is quite high at scale 5 from January to 
April while it is not high at other scales. This means that 
the long-run risk level raised because of the pandemic 
for that sector. The reason for this finding might be 
the uncertainty of whether the healthcare system can 

handle the pandemic. It is expected that sectors with 
high debt ratios (Table 1) may cause investors to react 
with fear and panic. However, the findings indicate that 
there is no meaningful linkage between the average 
debt ratios and volatility of systematic risk during the 
pandemic period. Even though the energy sector has 
the lowest debt ratio, its volatility level of the systematic 
risk is high at some scales. Moreover, the reactions of 
investors to the pandemic are not symmetric because 
the volatility levels of systematic risks change over 
different time scales based on sectors.

In conclusion, it can be said that the source of high/
low volatile situations on systematic risk is irrational 
investors. Those results support the Prospect Theory by 
Kahneman and Tversky (1979). The theory states that 
there is an asymmetry of risk aversion in financial mar-
kets and investors react differently between potential 
losses and gains. Thereby, investment is dominated by 
the emotions of investors such as fear or greed (Sharpe 
et. al. 1999:144). The COVID-19 pandemic has created a 
kind of fear in financial markets and this situation cau-
sed fluctuations on systematic risk in different sectors.

6. CONCLUSION
In modern finance, investors are accepted to be 

rational. Most researchers examine this phenomenon 
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for the near half-century. However, in the real world, 
this assumption is not valid. According to a branch of 
psychology known as cognitive psychology, which 
studies the capacity of human beings for perception 
and judgment, people do not appear to be consistent 
in how they treat economically equivalent choices 
when the choices are presented in significantly diffe-
rent contexts. Kahneman and Tversky (1979) argued 
the investors within the frame of cognitive psychology 
and they presented the Prospect Theory. The theory 
states that the irrational behavior of investors creates 
asymmetric market reactions such that people react 
differently between potential losses and potential 
gains. Therefore, according to the theory, when panic 
or fear occurs in the market, unexpected drops can be 
observed.

The Coronavirus Disease (COVID-19) is a potential 
crisis and a source of panic for financial markets. Espe-
cially, the lockdown decisions of many governments 
caused fear situations, and many companies faced 
with potential loss or bankruptcy. As a result of those 
circumstances, unexpected fluctuations occurred. It is 
expected that the systematic risks of various sectors are 
affected differently. In this study, we aim to examine 
the changing of S&P500 sector portfolios’ systematic 
risks and the volatility levels of them, over different 
time scales or investment horizons. For that purpose, 
we applied the wavelet multi-scaling approach and 
the wavelet power spectrum analysis, respectively. The 
dataset obtained for S&P500 stock returns of eleven 
sectors includes the COVID-19 pandemic crisis, as well.

The results of the analysis can be discussed in three 
parts. (i) The systematic risks of each sector vary over 

the different timescales in the pandemic period. From 
high frequencies towards low frequencies, while some 
sectors are more sensitive to the daily movements of 
the market, some others are less sensitive in the pande-
mic period. This result shows that the response speed 
of sectors varies due to their different structures. (ii) 
Consumer discretionary, energy, financials, industrials, 
information technology, materials, and real estate sec-
tors are sensitive to the daily movements of the market 
during the pandemic period. (iii) The volatility levels of 
systematic risks of each sector change over different 
investment horizons during the pandemic period. In 
general, it is observed that the level of volatility rises 
from high frequencies to low frequencies. The reason 
for this finding might be that investors in the S&P 500 
ignore the COVID-19 at the beginning. Moreover, there 
is no relationship between high average debt ratios and 
the volatility of systematic risks during the pandemic 
period. The reactions of investors to the pandemic 
are asymmetric and this might be an indicator of the 
existence of irrational investors. 

In conclusion, investors should consider the 
structure of sectors in their investment strategies in 
periods of crisis. They should also follow carefully the 
fluctuations in systematic risk which is not predictable 
and manageable to reduce uncertainty in their invest-
ments. However, the findings indicate the existence 
of irrational investors in the market. Since they trade 
with emotions such as fear and panic during the crisis 
period, this creates high volatility in systematic risk. 
These results provide some evidence on behalf of the 
Prospect Theory. 
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