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Appendix 1: Stoxx Europe 600 factsheet 
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Appendix 2: Bloomberg Barclay’s Euro Aggregate Bond Index factsheet 
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Appendix 3: OLS regression 

The OLS regression consists in drawing a straight line in the middle of a dataset, such as it 

minimizes the sum of squared residuals. The residuals are the difference between the straight 

line and the actual observed value, as represented in the illustration below. 

 

Illustration of residuals 

By minimizing this difference, we obtained the best suitable linear model for our given dataset.  

 

More precisely, the model of a multiple regression can be noted as followed: 

 

𝑦𝑡 = 𝛽1 + 𝛽2𝑥2𝑡 + 𝛽3𝑥3𝑡+ .  .  . + 𝛽𝑘𝑥𝑘𝑡 + 𝑢𝑡   ;  𝑡 = 1; 2;… ; 𝑇  

 

With: 

 

𝑦𝑡 =  𝑇ℎ𝑒𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒  

𝑥𝑘𝑡 =   𝑇ℎ𝑒 𝑖𝑛𝑑𝑒𝑝𝑒𝑛𝑑𝑎𝑛𝑡 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠 

𝛽𝑘𝑡 = 𝑇ℎ𝑒 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡𝑠 𝑜𝑓 𝑡ℎ𝑒 𝑖𝑛𝑑𝑒𝑝𝑒𝑛𝑑𝑎𝑛𝑡 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠  

𝑢𝑡 = 𝑇ℎ𝑒 𝑑𝑖𝑠𝑡𝑢𝑟𝑏𝑎𝑛𝑐𝑒 𝑜𝑟 𝑒𝑟𝑟𝑜𝑟  𝑡𝑒𝑟𝑚 

Here it is important to note the special characteristic of x1, which is a constant term that could 

be represented as followed: 

𝑥1 =

[
 
 
 
 
 
1
1
.
.
.
1

 

]
 
 
 
 
 

 

The length of the column x1 is T. As a consequence of this β1 is the coefficient of the constant 

term x1. 
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In fact, we could write one separate equation for every value of t up until T: 

𝑦𝑡 = 𝛽1 + 𝛽2𝑥21 + 𝛽3𝑥31+ .  .  . + 𝛽𝑘𝑥𝑘1 + 𝑢1  

𝑦𝑡 = 𝛽1 + 𝛽2𝑥22 + 𝛽3𝑥32+ .  .  . + 𝛽𝑘𝑥𝑘2 + 𝑢2  

  … =  …        …         …       …        …        … 

𝑦𝑡 = 𝛽1 + 𝛽2𝑥2𝑇 + 𝛽3𝑥3𝑇+ .  .  . + 𝛽𝑘𝑥𝑘𝑇 + 𝑢𝑇   

 

Under a matrix form you could write this as: 

 

𝑦 = 𝑋 𝛽 + 𝑢 

 

With: 

 

y = T x 1 

X = T x k 

β = k x 1 

u = T x 1 

 

This is the true relationship model of our population. This equation represents the true 

relationship between our dependent and independent variables. However, as we don’t observe 

the entire population but only a part of the population, we do not know the true relationship of 

the variables. We can only estimate the true relationship with the help of the OLS method and 

based on our sample, which represents only a part of the entire population. 

 

Now, in order to demonstrate the methodology of the OLS method, we will assume that k is 2, 

meaning that we have 2 regressors and one of them is the constant term. The matrix will look 

as follows: 

 

[
 
 
 
 
 
𝑦1

𝑦2

.

.

.
𝑦𝑇]

 
 
 
 
 

=  

[
 
 
 
 
 
1 𝑥21

1 𝑥22

. .

. .

. .
1 𝑥2𝑇]

 
 
 
 
 

 [
𝛽1

𝛽2
] + 

[
 
 
 
 
 
𝑢1

𝑢2

.

.

.
𝑢𝑇]
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𝑇 𝑥 1          𝑇 𝑥 2       2 𝑥 1    𝑇 𝑥 1 

 
The disturbance term under the matrix form can be defined as following: 

û =  

[
 
 
 
 
 
û1

û2

.

.

.
û𝑇]

 
 
 
 
 

 

 

The Residual Sum of Square or simply the RSS is given by: 

 

û′û =  [û1 û2 . . . û𝑇] 

[
 
 
 
 
 
û1

û2

.

.

.
û𝑇]

 
 
 
 
 

=  û1
2 + û2

2 + … + û𝑇
2 = ∑û𝑡

2 

 

Now, as already mentioned beforehand, in order to obtain the different estimators β1, β2, …, 

βk we have to minimize the RSS, so in this case, ∑ û𝑡
2 with respect to all the β’s. So, by 

minimizing û′û we get: 

 

Min β   û′û = (y – Xβ)’(y – Xβ) 

 

Min β   û′û = y’y - 2β’X’y + β’X’Xβ 

 

𝛿(û′û)

𝛿𝛽
=  −2𝑋′𝑦 + 2𝑋′𝑋𝛽 = 0 

 

X’Xβ = X’y 

 

And finally, we have: 
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𝛽̂ =  

[
 
 
 
 
 
 
𝛽̂1

𝛽̂2

.

.

.
𝛽̂𝑘]

 
 
 
 
 
 

= (𝑋′𝑋)−1𝑋′𝑦 

 

This procedure represents the derivation of the OLS estimators’ β in a multiple regression 

analysis. This is the method that we are going to use in this research paper to estimate the 

coefficients of our explanatory variables. 

The equation of the line, which represents the predictive model, is given by: 

𝑦̂ = 𝛽̂0 + 𝛽̂1𝑥1 + ⋯+ 𝛽̂𝑛𝑥𝑛 

We will use this regression method during the second part of our analysis in order to form a 

forecast model and to understand which factors have an impact on correlation. 
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Appendix 4: Descriptive statistics 

We will analyze the descriptive statistics of our correlation in more detail. In fact, we can 

observe that over the course of our observation period the correlation is negative as well as 

positive. This is coherent with our literature review that suggests that the correlation is dynamic 

over time (Scruggs & Glabadanidis, 2003). However, the average, as well as the median of our 

computed correlation, is negative during our observation period. This is consistent with the 

findings of Ohmi and Okimoto (2016) who observed a statistically significant decrease in the 

stock-bond correlation, in more advanced and safe countries, in comparison to previous studies. 

If the correlation had been negative over the entire period, this would of course have had a 

positive impact on diversification and asset allocation. If these two asset types de-correlate, 

they can be used as an effective hedging technique and the asset allocation in portfolio 

management can be considered as effective. However, (Ohmi & Okimoto, 2016) also observed 

periods where the stock-bond correlation increases and as a result of that, the diversification 

effect gets deteriorated. This is coherent with our observations as well as other scientific 

researches: we clearly observed periods with positive correlation, often during crises or in times 

of high uncertainty or volatility. This phenomenon is confirmed by a multitude of scientific 

researches like Mighri and Mansouri (2013), Hartmann, Straetmans and De Vries (2004) or 

Campbell (2002). This confirms our observations during the literature review.  

Appendix 5: Basic regression 
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Appendix 6: Regression on macroeconomic factors 

 

Appendix 7: Regression on financial factors 

 

Appendix 8: Regression on policy factors 

 

 


