
How can I propagate the error of correlated random variables? Why is
that important in some cases with regression analysis?

Sometimes we perform a calculation with two or more regression parameters, and they
are correlated

Let f be a function of several random variables xi. The variance of the function is
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σij is the covariance of variables xi and xj, while ρij is the correlation coefficient
between the variables.

σij = E [(xi − µx)(yi − µy)]

ρij =
σij
σiσj

Both measure the strength of dependence between the variables. ρij is a scaled version
of σij, and −1 ≤ ρij ≤ +1
More generally, to propagate uncertainty intervals ∆xi (eg, MOEs or MADs):
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Propagation of Correlated Errors
Apply the error propagation equation to the calculation of the flow rate
uopt that optimizes separation according to the van Deemter equation.

The optimum flow rate is given by

uopt =

√
B
C

so with only two random variables the equation becomes
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The partial derivatives in this case are

∂uopt
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Propagation of Correlated Errors
Again with the partial derivatives! Can I get some simplified cases?

Function Uncertainty of Result
y = x1 + x2 σ2

y = σ2
1 + σ2

2 + 2ρ12σ1σ2

y = x1 − x2 σ2
y = σ2

1 + σ2
2 − 2ρ12σ1σ2

y = x1x2 RSD2
y ≈ RSD2

1 + RSD2
2 + 2ρ12RSD1RSD2

y = x1
x2

RSD2
y ≈ RSD2

1 + RSD2
2 − 2ρ12RSD1RSD2
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