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 CORRELATION AND COVARIANCE:
To calculate the standardized correlation of two variable, we need to

1st calculate the expected value of standard deviations of each variables
2nd calculate the expected value of covariance between variable, then
3rd calculate the correlation between variable

A correlation of zero implies that, there is no linear relationship between the 
two variables, but the value of one variable can still have a nonlinear relationship 
with the other variable.
The coefficient of correlation lies between -1 to +1.
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 CORRELATION AND COVARIANCE:
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 Correlation vs. Dependence:
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 COVARIANCE USING EWMA AND GARCH MODELS:

 EWMA MODEL
The exponentially weighted moving average (EWMA) model is designed to vary the weight given to more recent observations (by 
adjusting λ).

Covn = λcovn-1 + (1 –λ) Xn-1 Yn-1
Where:

λ =the weight for the most recent covariance on day n-1 
Xn-1 = the percentage change for variable X on day n-1 yn-

1 = the percentage change for variable Y on day n-1
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 COVARIANCE USING EWMA AND GARCH MODELS:

 EWMA MODEL

Example: Calculating covariance using the EWMA model
Assume an analyst uses the EWMA model with λ=0.90 to update correlation and covariance rates. The correlation estimate for two variables X 
and Y on day n-1 is 0.7. in addition, the estimated standard deviation on day n-1 for variables X and Y are 1.5% and 2% respectively. Also, the 
percentage change on day n-1 for variables X and Y are 2% and 1%, respectively. What is the updated estimate of the covariance rate and
correlation between X and Y on day n?
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 COVARIANCE USING EWMA AND GARCH MODELS:

 GARCH(1,1) MODEL
The Generalized Autoregressive Conditional Heteroskedasticity (GARCH)(1,1) model, applies a weight of α to the most recent
observation on covariance (Xn-1 Yn-1) and a weight of β to the most recent covariance estimate (covn-1). In addition, a weight of ω is 
given to the long-term average covariance rate.

Where:
α =the weight for the most recent covariance on Covariance (Xn-1 Yn-1)
β = the weight for the most recent covariance estimate (Covn-1 ) 
ω = the weight for the long term average covariance rate

The EWMA is a special case of GARCH (1, 1), 

where
w =0, α = 1- λ, and β = λ
ω = ϒ VL where ϒ is the weight assigned to long term variance VL , also 
α + β + ϒ = 1, hence VL = ω/ϒ =  ω/(1- α – β )

Omega
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 COVARIANCE USING EWMA AND GARCH MODELS:

 GARCH(1,1) MODEL

Example: Calculating covariance using the GARCH(1, 1) model
Assume an analyst uses daily data to estimate a GARCH(1, 1) model as follows: 

covn = 0.000002 + 0.14Xn-1Yn-1 + 0.76covn-1
this implies α = 0.14, β = 0.76, and and ω = 0.000002. The analyst also determine that the estimate of covariance on day n-1 is 0.018 
and the most recent observation on covariance is 0.02. what is the updated estimated of covariance?
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 Vectors
Vectors are defined as quantities that have a magnitude (or length) and a direction. They can be thought of as representing the position 
of a point in two dimensions, three dimensions etc.
All vectors in three-dimensional space can be written in terms of the base vectors i, j and k, which are the unit vectors (ie the vectors of 
length 1) in the x, y and z directions of cartesian space.
There are different ways of writing vectors:

where

Magnitude
The magnitude of a vector is just its length, which can be calculated using an extended version of Pythagoras’ theorem. The magnitude of 
vector a is written as a or | a | .

In general, if , then

Matrices
Matrices are arrays of numbers whose size is referred to as the number of rows by the number of columns. Notice that a vector is a special 
case of a matrix where the number of columns is one. A square matrix is one where the number of columns equals the number of rows.
The transpose of a matrix is found by swapping the rows and the columns. The transpose of a matrix A is written as AT or A’ .
Example:

If , then
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 Determinants
A determinant is a scalar quantity associated with a square matrix. The determinant of a 2 x 2 matrix is equal to the product of the 
numbers on the leading diagonal (top left corner to bottom right corner) minus the product of the numbers on the other diagonal. It is 
written as detA , | A | , or ∆ when it is clear which matrix is involved.
Example:

What is detA if

detA = (2 x 3) - (4 x -6) = 30

 Inverses
The inverse of a matrix A , written as A-1 , is such that AA-1 = A-1 A = I . It is the matrix equivalent to a reciprocal.
To find the inverse of a 2 x 2 matrix, swap the elements on the leading diagonal, change the sign of the elements on the other diagonal and 
divide by the determinant, i.e.
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 EVALUATING CONSISTENCY FOR COVARINCES:

The diagonal of the variance , co-variance matrix represents the variances rates where i=j.
The covariance rates are all other elements of the matrix where i≠ j.
A matrix is known as positive-semi definite if it is internally consistent.
The condition for an N x N variance- covariance matrix, to be internally consistent for all N x 1 vectors ω, where ωT is the 
transpose of vector ω.

Transpose of ω
Any vector of

N real number

The variance , co-variance matrix must be positive –semi definite.
Small changes to a small PS matrix will likely be still PS, but small changes to large PS matrix , no longer be PS.

Variance, Co-variance 
matrix of dimension NxN
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 EVALUATING CONSISTENCY FOR COVARINCES:
Example

The matrix is positive definite if all its principal minors have strictly positive determinants.

Hence the above matrix is not positive semi-definite.
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 EVALUATING CONSISTENCY FOR COVARINCES:

Other method for testing for consistency:

Example: Check internal consistency of the matrix

Indicating that the matrix is not internally consistent.

Definite Semi-definite Indefinite
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 GENERATING SAMPLES :

In a bivariate normal distribution between variable X & Y, the expected mean of dependent variable Y is:

 where

And standard deviation of Y is:

The conditional sample of Y variable is:

Where Zx and Zy are independent samples, obtained 
from a univariate standardized normal distribution.
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 FACTOR MODELS:

A factor model can used to define correlations between normally distributed variables.
The following equation is a one-factor model where each Ui has a component depend on one common factor(F) in 
addition to another component (Zi) that is uncorrelated with other variables.

Every Ui has a standard normal distribution (mean =0, standard deviation =).
The constant αi is between -1 and 1.
F and Zi have standard normal distribution and are uncorrelated with each other.
Every Zi is uncorrelated with each other.
All correlations between Ui and Uj result from their dependence on a common factor, F.
Advantage of one factor Model

the covariance matrix for a one-factor model is positive-semi-definite.
the number of correlations between variables is greatly reduced.

CAPM model is one factor model.
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 COPULAS:

A copula create a joint probability distribution between two or more variable while maintaining their individual 
marginal distribution.
This is accomplished by mapping the marginal distribution to a new known distribution.
Gaussian copula maps the marginal distribution of each variable to the standard normal distribution, which, by 
definition, has a mean of zero and a standard deviations of one.
The mapping of each variance to the new distributions done based on percentiles.
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 COPULAS:

For example
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 COPULAS:

For example
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 COPULAS:
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 TYPES OF COPULAS:

 A Gaussian copula maps the marginal distribution of each variable to the standard normal distribution. 
The mapping of each variable to the new distribution is done based on percentiles.

 The student’s t-copula is similar to the Gaussian copula.
However, variables are mapped to distributions of U1 and U2 that have a bivariate Student’s t-distribution rather than
a normal distribution.
Procedure to create a Student’s t-copula:

Step 1: Obtain values of λ by sampling from the inverse chi-squared distribution with f degrees of freedom. 
Step 2: Obtain values by sampling from a bivariate normal distribution with correlation ρ.
Step 3: multiply by the normally distributed samples.

 A multi-variance copula is used to define a correlation structure for more than two variables. Suppose the marginal 
distributions are known for N variable: V1 , V2…., VN,. distribution Vi for each i variable is mapped to a standard normal 
distribution Ui. Thus, the correlation structure for all variable is now based on a multivariate normal distribution.

 Factor copula models are often used to define the correlation structure in multivariate copula models.
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 TAIL DEPENDENCE:
 There is greater tail dependence in a bivariate Student’s t-distribution than a bivariate normal distribution.
 During a financial crisis or some other extreme market condition, it is common for assets to be highly correlated and 

exhibit large losses at the same time.
 This suggests that the student’s t-copula is better than a Gaussian copula in describing the correlation structure of

assets that historically have extreme outliers in the distribution tails at the same time.
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