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Cook’s Distance

Overview

@ Cook’s Distance
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Cook’s Distance

Cook’s Distance

Data points with large residuals (outliers) and/or high leverage may distort
the outcome and accuracy of a regression.
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Cook’s Distance
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Linear regression - Outlier

Given the following simulated data set D = {(x;, yi)}, with 2 outlier points:

yi=b5xi+7+e€ x~U0,1), e~N(0,06=0.3)
D =DU{(0.7,7),(0.8,6)}

# linear simulation + outlier

x <— runif(100)

y <— 5%x + 7 4+ rnorm (100, sd = 0.3)

# outlier points

x <— c(x, 0.7, 0.8)

y <— c(y, 7, 6)

plot(x, y, main="Fitted model”)

fit.linear <— Im(y~x)

summary(fit.linear)

abline(fit.linear$coefficients[1], fit.linear$coefficients[2], col="red")
plot(y,rstandard(fit.linear),ylab="rstandard’' ,main="Studentized Residuals”)
plot ((y—fitted (fit.linear))™2, ylab="MSE’', xlab="prediction”, main="MSE")
influencePlot(fit.linear, main="Cook's distance & Studentized Residuals”)
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Exploring training data set

Fitted model Studentized Residuals
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A"perfect” linear regression versus a Non-linear regression

Overview

© A“perfect” linear regression versus a Non-linear regression

CETENPEWANEI( LM EIENNEECEW@UAIEEIE  Nonlinear regression and Cross-validation 7/19



A“perfect” linear regression versus a Non-linear regression

Linear regression
Theoretical linear model
Let us consider the two following theoretical linear model:
D1: yi=4+5sin(x) + €, xi~U(0,10),e ~ N(0,0 =1) (Nonlinear)
Dy: yi=4+5x%x;+ €, xi~U(0,10),e ~ N(0,0 = 3) (Linear)
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Figure: Nonlinear (left:D;) and linear (right:D,) data generated.
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“perfect” linear regres: versus a Non-linear regres:

Exploring linear regression

Fitted model R u.
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versus a Non

‘perfect” linear regres

Exploring non-linear regression

Fitted model Residu.
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A“perfect” linear regression versus a Non-linear regression

Polynomial regression model

Given yj, xj, o € R and 5, € R, we may consider the following models:

y = Bo + xif1 + X2 (Quadratic model)
y=fBo+xiB1+ -+ x°Byx (Polynomial model of degree 6)
y = Bo + xiB1 + In(xi) B2 (Logarithm model)
y = Bo + xif1 + exp(xi) B2 (Exponential model)

(Infinity Combinations)

| would like to use the polynomial model of degree 6, i.e. (in R):

1 fit.nonlinear <— Im(y~ 1 + poly(x, 6, raw=T), data=data)
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“perfect” linear regres: versus a Non-linear regres:

Polynomial regression model

Fitted model i Residu.
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Nested Cross-validation

Overview

© Nested Cross-validation
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Nested and non-nested Cross-validation

Hyper-parameter

Tuning a hyper-parameter of the statistical model.

Estimation

Estimation of the parameters of the statistical model.

Comparing

Comparing performance of different statistical models.
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Nested Cross-validation

Nested and non-nested Cross-validation

NON-NESTED CROSS-VALIDATION
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NESTED CROSS-VALIDATION
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Nested Cross-validation[1]

Standard Nested Cross Validation (nCV)

<

1% Outer Fold model accuracy
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selection and parameter tuning
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3 inner fold

and

2" Outer Model

3" Outer Model

4 Outer Model

E. | choose best outer model
features and parameters
and train on full data to
create final model.

F. || validate final model on
independent data set.
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Nested Cross-validation

Regularized regression vs K-nearest-neighbor
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KNN(left) and Regression elastic-net(right)
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Nested Cross-validation

Conclusion

@ We always choose the statistical model that has the lowest mean
error and and the lowest variability.

@ Boxplot # Interval confidence of the error of cross-validation.
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Nested Cross-validation
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