Experimental data analysis
Lecture 4: Model Selection
Dodo Das

Review of lecture 3
Asymptotic confidence intervals (nlparci)
Bootstrap confidence intervals (bootstrp)
Bootstrap hypothesis testing

Figure 6: Bootstrap distibutions for comparing the two datasets shown in Figure 5

How to select the best model?
Case study: Fitting data with models of varying complexity.
Simulate data from the following model:

Fit with 4 different models:

Single dataset fits

How to rank models?

The model with the highest number of parameters will
typically give the best fit.
But introducing more parameters increases model
complexity, and the requires us to estimate values of all the
additional parameters from limited data.
Increasing the number of parameters also makes the model
more susceptible to noise.
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4. Smoothing: General Concepts
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Bias-variance tradeoff for the simulated data

Simulate many independent replicates, and fit them
individually.

Bias-variance tradeoff for the simulated data

The guiding principle: ‘Parsimony’
Even though the 5th order polynomial fits the model the
best (lowest SSR), it has high variance.
In contrast, the linear model has the lowest variance, but a
high bias.
The goal is to pick the model that does the best job with
the least number of parameters.

Methods for choosing an optimal model
In general, we don’t know the ‘true’ model, so we can’t
calculate the risk. Therefore, we need some way to rank
model.
The general idea is to give models preference if they reduce
SSR, but penalize them if they have too many parameters.
Two main techniques.
1. Akaike’s information criterion (AIC): Based on an
information theory-based approximation for risk
2. F-test: Based on asymptotic statistical theory of the
distribution of normal errors

Akaike’s information criterion
AIC = - 2ln(L) + 2k + 2k(k+1)/(n-k-1)
For least squares regression: AIC = SSR + 2k + 2k(k+1)/(nk-1)
n = number of data points, k = number of parameters
Lower AIC is better.
For the i-th model among candidate models
Δi = (AIC)i - (AIC)min
wi = exp(-Δi/2)/Σ exp(-Δi/2)
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