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Generalized Regression 
(Clay Barker and Chris Gotwalt, JMP)
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What is Variable Selection?

• Variable selection is the process of selecting a subset of variables
(predictors) to use in modeling a response variable.

• We have a candidate set of  explanatory 
variables that  may be associated with the  
response.Throw them all into a variable 
selection procedure and see whathappens.

• But automation doesn’tmean we don’t have 
to think about  what we’re doing!

• Generalized Regression helps!

Useful Predictors

Predictor  
3

Predictor  
2

Predictor  
1
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What is Variable Selection?

• Variable selection is crucial for several reasons.

• The resulting model…

1. …is easier to interpret.Often it is much easier to interpret

2. …will generalize well to new observations.

3. …is stable to small changes in the observed data.

4. …is easier to use/deploy.

• It goes by several names: predictor/feature/subset selection and others
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The Generalized Regression Platform
What is it?

• Fit Model personality introduced in JMP Pro 11 called Genreg.
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Genreg
Response Distributions

• Genreg can handle a wide variety of response types. We can’t always
assume that our response is normally distributed.

• Skewed – Gamma*, Weibull*, Lognormal*, Exponential*, Beta

• Count – Negative Binomial, Poisson, Binomial, and zero-inflated versions.

• Label – Binomial, Multinomial, and Ordinal Logistic

• Other – Quantile Regression, Cauchy, ProportionalHazards*

* supports censoring
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Genreg
This covers a lot of cases
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Genreg

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .

Estimation and Selection

• Genreg has a variety of estimation methods to choose from

• MaximumLikelihood: full fit with no variable selection

• Step based methods – Forward,Backward,Best subset,…

• Penalized methods– Lasso, Elastic Net, Dantzig Selector,…

• And a variety of validation methodsto tune these methods

• Informationbased(AIC, BIC, ERIC)

• Cross-validation(k-fold, holdback,…)
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Genreg

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .

• Genreg’s goal is to provide a single unified framework for interactively
building models in a wide variety of settings.

• …regardless of what type of responseyou have – binary, time-to-event,…

• …whetheryou’re analyzingthe resultsof a designedexperiment or an
observationalstudy.

• Genreg can be your go-to place to build regression models in JMP Pro.
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Stepwise Methods in Genreg

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .

• Genreg offers a handful of stepwise variable selection methods.

• Why do we call them stepwise?
• These are largely algorithmicmethods.
• Given our currentmodel, how do we improve our model in the next step by

adding or removing a variable?

• Stepwise methods in Genreg. 
1. Best Subset

2. Forward Selection and Two-Stage Forward Selection

3. BackwardElimination

4. PrunedForward Selection
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Stepwise Methods in Genreg

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .

Model Size Models

0 Just the Intercept

1 (X1), (X2), (X3)

2 (X1, X2), (X1, X3), (X2, X3)

3 (X1, X2,X3)

Best Subset

• Best subset (or all subsets) is exactly what it sounds like:

Given our predictors, fit every single model possible and keep the best.

• Here’s a simple case with three candidate predictors (X1, X2, X3):

So we fit all 8 of these  
models and declare a  
best model based on  
some criterion.

Seems reasonable,right?
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Stepwise Methods in Genreg

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .

Best subset

• Not always feasible! Consider 10 main effects, 10 quadratics, and all 
possible 2 factor interactions (45 of them)

Number ofterms Number ofModels RunningTotal
1 65 66

2 2080 2146

3 43680 45826

4 677040 722866

5 8259888 8982754

6 82598880 91581634

7 696190560 787772194
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Stepwise Methods in Genreg

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .

ForwardSelection

• Best Subset is not feasible for even moderately sized problems.

• Instead of fitting literally everything, Forward Selection uses heuristics to
help us choose a competitive model of each modelsize.

• Simple and intuitive algorithm:

1. Start with just an intercept

2. Test each variable for inclusion (Score). Add the variable with the best p-value.

3. Repeat (2) until everythingentersor the model is saturated.

• For k candidate effects, we end up with a sequence of min(𝑛, 𝑘) fits;

Keep the best model based on AIC/BIC/CV.
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Stepwise Methods in Genreg

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .

FS Example

• Consider a (very) simple example with 4predictors.

• Now we have 5 models to consider out of 16possible

4. X2, X3, X4

5. X2, X3, X4, X1

1. Interceptonly

2. X2

3. X2,X3

Step 1 Step 2 Step 3 Step 4

p forX1 .2 .15 .2 .1*

p forX2 .001*

p forX3 .6 .03*

p forX4 .05 .3 .06*
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Stepwise Methods in Genreg

X1 X2 X3 X4

ForwardSelection
Intercept

X1,X2 X1,X3 X1,X4 X2,X3 X2,X4 X3,X4

X1, X2,X3 X1, X2,X4 X1,X3, X4 X2,X3, X4

X1, X2, X3, X4

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .
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Stepwise Methods in Genreg
Two-Stage ForwardSelection

• We often fit models with main effects, interactions, and polynomials.

• It may make sense to break selection into twopieces:

1. Forward Selection just on main effects gives us an active set S.

2. Forward Selection on S and the higher order effects that contain S.

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .
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Stepwise Methods in Genreg

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .

Two-stage ForwardSelection

• Why break the selection process up?

• Especially nice for analyzing designed experiments

1. We believe main effects are stronger than higher order effects.

2. We may be more aggressive/liberalin the first stage.

3. We believe in effectheredity.
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Stepwise Methods in Genreg

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .

BackwardElimination

• Backward Elimination puts structure around a manual process:

Fit a model, drop variables that aren’t significant, refit model, …

• BE algorithm

1. Start with everythingin the model

2. Drop the worst effect based on Wald p-values (bigger is worse)

3. Repeat (2) until we only have an intercept

4. Keep the best model in the sequence.

• Not well defined when we can’t fit the full model (𝑛 < 𝑝)

• What does a large p-value really mean? Not much.
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Stepwise Methods in Genreg

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .

A BackwardsExample

• Another toy example with 4 predictors.

• Again we have a sequence of 5 models toconsider:

4. X4

5. Just an intercept

1. X1, X2, X3, X4

2. X1, X2,X4

3. X2,X4

Step 1 Step 2 Step 3 Step 4

p forX1 .001 .4*

p forX2 .2 .15 .06*

p forX3 .6*

p forX4 .05 .03 .01 .003
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Stepwise Methods in Genreg

X1 X2 X3 X4

Intercept

X1,X2 X1,X3 X1,X4 X2,X3 X2,X4 X3,X4

X1, X2,X3 X1,X2, X4 X1, X3, X4 X2,X3, X4

BackwardElimination

X1, X2, X3, X4

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .
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Stepwise Methods in Genreg
Forward and Backward Steps

• There are good things about both Forward and
Backward Selection-

Wouldn’t it make sense to combine them?

• That’s our goal with the Pruned Forward
Selection method in Genreg.

• Unique to Genreg

• At each step in the algorithm, we consideradding a
term, droppinga term,or swappingthem.

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .
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Stepwise Methods in Genreg

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .

Pruned ForwardSelection

• Similar to what is often called Mixed Step selection other places.

• The Algorithm starts similar to Forward Selection, but at each step
(Scoretest)  

(Wald test)

1. Find the variable that most wants to enter𝑋𝐸
2. Find the variable that most wants to leave 𝑋𝐿

A. Try adding𝑋𝐸

B. Try removing𝑋𝐿

C. Try swapping 𝑋𝐿 for𝑋𝐸

3. Go with A, B, or C based on which fits best.

4. Go back to1.

• Starts like FS but then we prune off variables aswe go.

• Be careful not to get stuck in a loop.
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Stepwise Methods in Genreg
Pruned ForwardSelection

• A variable can enter and leave the model many times (and change signs).

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .
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Stepwise Methods in Genreg
EffectHeredity

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .

• Effect Heredity

If a higher order effect (interaction, quadratic, …) is in the model, the
lower order effects that compose it must also be in the model.

• EX: We can’t consider adding 𝑋3 to our model unless 𝑋 and 𝑋2 are in.

• EX: If we want to consider 𝐴 ∗ 𝐵 ∗ 𝐶 ,

𝐴, 𝐵, 𝐶, 𝐴 ∗ 𝐵, 𝐴 ∗ 𝐶, and 𝐵 ∗ 𝐶must all be in the model

• This is sometimes called strongeffect heredity.



24

Stepwise Methods in Genreg
EffectHeredity

• Effect Heredity option is in the Advanced Controls panel.

• Heredity often makes sense for designed experiments.

If we know your table is a designedexperiment,we enforce heredity by default.

• Heredity is quite polarizing – some people love it, others don’t.

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .
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Demonstration
Model Selection with MLE and Stepwise Methods

25
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Penalized Regression

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .

• Stepwise methods are great.

1. Easy to implement

2. Intuitive and easy to explain

• But stepwise methods aren’t the only school of thought.

• Lots of interest recently in penalized regression methods because they do
variable selection and shrinkage – both of which help to avoid overfitting.
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Penalized Regression
Overfitting

• What exactly is overfitting?
Overfitting occurs when ourmodel is more complex
than needed and it starts to model random noise in
the data instead of the underlyingrelationships.

• Classic overfitting
• Our model fits great on the observed data
• Our model fails miserably when predictingnew

observations

• Our inferences are misleading
• If we slightlyalter the data, our model changes

dramatically

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .
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The Ubiquitous Bias-Variance Balance
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An Excellent Reference

This provides a detailed, mathematically rigorous 
approach to data mining. It is available for free from
http://www-stat.stanford.edu/~tibs/ElemStatLearn/download.html

http://www-stat.stanford.edu/~tibs/ElemStatLearn/download.html
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Penalized Regression
Prediction Error

• Before we get to penalized methods, let’s talk about prediction error.

• Suppose we observe data of the form
𝑌𝑖 = 𝑓 𝑋𝑖 + 𝜖𝑖 𝑖 = 1, … ,𝑛

𝜖 ∼ 𝑁 0, 𝜎 2 𝑋𝑖 is 𝑝 × 1 vector of predictors

•             is our fitted model.

• We need a measure of how well we will predict a new observation:

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .
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Penalized Regression
Prediction Error
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Penalized Regression
The Bias/VarianceTradeoff

• This is the bias/variance tradeoff in estimation.

• Stepwise methods use maximum likelihood estimation, which is unbiased.

• Maybe we can accept some bias to reduce variance?  

This is the motivation behind penalizedregression!

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .
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Penalized Regression
An exaggerated example of bias/variance tradeoff

• This tradeoffcomes up
all the timein statistics.

• The estimator onthe  
top is unbiased but  
highly variable.

• The estimator on the
bottom is biased, but
much less variable.

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .
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Penalized Regression
Ridge Regression

• OLS is unbiased and we worked out the prediction error.

• What if we minimize a penalized sum of squared errors instead?

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .

• Tuning parameter 𝜆 controls the magnitude of parameters.

• 𝜆 = 0  is the usual OLS solution

• As 𝜆 increases,parameterestimates movetoward zero. Shrinkage!
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Penalized Regression
Ridge and the Diabetesdata

• Back to the Diabetes example. How does Ridge do?

• We do a good job predicting new observations, but remember that ridge
regression does not do variable selection.

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .
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Demonstration
Ridge Regression Diabetes Data

36
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Penalized Regression
A Family of Models

• Ridge opened the door to a variety of penalizedtechniques

• There are no plans to implement SCAD in JMP, but the point isthat there
are many types of penalties outthere.

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .
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Penalized Regression
The Lasso

• Tibshirani (1996) introduced the Lasso:

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .

• Biases coefficients by shrinking them toward zero, like ridge.

• Unlike ridge, it can shrink estimates all the way to zero. (selection)  

Least absolute shrinkage and selection operator

• The absolute value penalty is difficult (derivative undefined at zero).

• Better predictions and interpretation are worth the extra trouble!
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Penalized Regression
Ridge vs Lassopenalty

• Close to zero, the lasso  
penalty is much more  
harsh than the ridge  
penalty.

• This partiallyexplains  
why lasso is able to  
shrink parameters all  
the way to zero but
ridgecannot.

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .
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Penalized Regression
Back to Diabetes

• Unfortunately the lasso MSE is not easy to workout.

• As 𝜆 increases, bias goes up and variance comes down.

• If only a subsetof predictorstruly are active, lasso should beat ridge.

• Lasso has a slight edge on Test set and it only includes 9 predictors.

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .
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Penalized Regression
Ridge vs Lasso

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .

Ridge

• Providesan estimate for all p terms (even when 𝑛 < 𝑝)

• Naturally handles collinearityand even linear dependencies

Lasso

• Estimation and variable selectionat the same time

• Providesestimates for up to 𝑛 parameters

• If 𝑥1 and 𝑥2 are highly correlated, we’llprobably only select one of them.

Can we combine their strengths?
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Penalized Regression
The ElasticNet

• Zou and Hastie (2005): Ridge + Lasso = Elastic Net

Penalty:  𝜌 𝛽
2

=  
1−𝛼

𝛽2 + 𝛼|𝛽| 𝛼 ∈ 0,1

• 𝛼 tuning parameter controls the mix of ℓ1  and ℓ2 penalties.

• Ridge and Lasso are special cases (𝛼 = 0 and 𝛼 = 1 respectively)

•  When 𝛼 ∈ 0,1

1. We get selection andshrinkage

2. We can handle collinearityand dependencies.

3. We can estimate more than n coefficients.

• Just stick with 𝛼 close to 1 (default is .99 in Genreg)

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .
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Penalized Regression
Elastic Net Penalty
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Penalized Regression

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .

Elastic Net vs Lasso

• Suppose we have 10 candidate predictors.

• 𝑥2 and 𝑥4 are highly correlated and they are both truly active.

• Lasso will likely only choose𝑥2 or 𝑥4

• Elastic Net will likely choose𝑥2 and𝑥4

• So which solution is better? It probably depends oncontext.

• The other difference? Elastic net can select more than n parameters,  
which may or may not be a good thing.
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Penalized Regression
Diabetes 

• Elastic Net does slightly better on the Test set than Lasso.

• Elastic Net chooses 32 variables, Lasso only 9.

• Why? Our variablesare highly correlated (BMI,BP, Cholesterol,…)

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .
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Penalized Regression
AdaptiveLasso

• What if we knew in advance which predictors are important?

Then variable selection seems unnecessary…

• But regardless if we somehow knew which predictors were important, we
might penalize their coefficients less.

Adaptive Lasso

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .

• A predictor that we know is important would get a smaller weight.
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Penalized Regression
Adaptive Lasso
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Penalized Regression

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .

AdaptiveLasso

• Carefully chosen weights give the adaptive lasso the oracle property.

That means that asymptotically,

1. We should choose the correctactive set.

2. We should predict as well as if we knew the true active set in advance.

• If we use the inverse of the OLS solution, we get the oracle property.
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Penalized Regression

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .

AdaptiveLasso

• If OLS estimates are unstable, the adaptive lasso may be poor

• The nice theory around the adaptive lasso may be based on assumptions
that are not appropriate for yourdata.

• You may want to avoid the adaptive lasso when

1. You have singularities (𝑛 ≪ 𝑝)

2. Your predictors are highly correlated

3. Your adaptive lasso fit looks suspicious

• Bottom line is to be careful with this one
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Penalized Regression

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .

Another variation of the Lasso

• There could be a benefit to doing the lasso twice.

1. Do the lasso on the full set of predictors,givingus a set S.

2. Do the lasso on S.

• This is called the Double Lasso. Why do two passes?

Pass 1 = Selection  

Pass 2 = Shrinkage

• Breaking the process in two parts helps avoid overshrinking, which can
result in a better model.
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Penalized Regression
Penalties and Generalized LinearModels

• So far, we’ve focused on penalized least squares.

• All of these ideas extend naturally to GLMs, just penalize thelikelihood.

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .

• Same ideas, just fewer computational tricks.
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Penalized Regression
The Dantzig Selector

• Candes and Tao (2007) suggested a new penalized regression method
aimed at variable selection in the 𝑛 ≪ 𝑝 setting.

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .

• In words – control the magnitude of coefficients subject to a constraint on  
the maximum correlation between the design and the residuals.

• Unlike Lasso or Elastic Net, this doesn’t extend naturally to GLMs.
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Penalized Regression

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .

The Dantzig Selector

• The form of the Dantzig Selector is quite unique, but it has nice  
theoretical properties and has shown promise in analyzing designed  
experiments.

• Solution is very similar to the Lasso in many cases

• Consider for supersaturateddesigns.

• Some DS theory was extended to the Lasso.
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Demonstration
Diabetes Data Again

54
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CV and Tuning
The SolutionPath

• The Solution Path summarizes the sequence of fits.

• BMI and LTG are  
the first two terms  
to enter the model.

• HDL enterswith a  
negative
coefficient,but
later becomes  
positive as the  
penalty isrelaxed.

• Each line is a model parameter, the penalty decreases from left to right.

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .
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CV and Tuning
Grid of TuningParameters

• We have to define the grid of tuning parameters [𝜆1, 𝜆2, ⋯ , 𝜆𝑔].

1. A linear grid gives more points near the intercept-only model.

2. Log grid gives more points near the unpenalized model.

3. Square root is a compromisebetween the two. (Default)

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .
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CV and Tuning

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .

Cross Validation

• Cross validation refers to the process of breaking our data
into training and validationsets.

• We use the training set to estimate model parameters.

• Take the model fit on the training set and apply it to the  
validation set. This gives us an idea of how it will do on new data.

• Keep the model that fits best on the validation set.

• Most simple (most common?) case is to have a single training  
set and a singlevalidation set.
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CV and Tuning
Cross-Validation

Suppose we have 150 observations. We could use the first 100 for training 
and last 50 for validation.

Use the training piece for estimation giving us መ𝛽 𝜆  for each 𝜆.

For each 𝜆, calculate SS for the validation set:

𝑆𝑆𝑉 𝜆𝑗 =  ෍

𝑖=101

150

𝑦𝑖 − 𝒙𝑖
መ𝛽(𝜆𝑗)

2

𝜆 that minimizes SSV is our “best” model.
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CV and Tuning
Do we really wantthe best?

• Genreg gives you the best model in terms ofAIC/CV/…

• When a simpler model is nearly as good, should we go simpler?

• If our goal is effect screening, should we go more complex?

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .
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CV and Tuning
Similar

• AIC and BIC provide guidelines regarding which models are similar.

• AIC - Best AIC < 4 ⇒ strong evidence supporting the lesser model

• 4 ≤ AIC – Best AIC < 10 ⇒ weak evidence for the lesser model

• AIC – Best AIC >10 ⇒ probably avoidthese models

We use green and yellow zones to define  
these regions of similarity.

More information, see Burnhamand  
Anderson(2003), “ModelSelection and  
Multi-Model Inference: A Practical  
InformationTheoreticApproach”

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .
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CV and Tuning
Similar Models

• Interactivity in Genreg makes it easy to explore models similar to the best.

• The advanced controls also provide options for starting at a model other
than the best (also available in the Preferences).

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .



62

CV and Tuning
StepwiseMethods

• We’ve focused on penalized methods, but the idea is the exact same for 
stepwise methods.

• Rather than tuning a penalty value, we tune the number of steps.  All 

the same ideas apply.

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .
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Interactive Solution Path

• The shapes may be different, but the informationconveyed is the same  
regardlessof method:The sequenceof variablesselected.
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Interactive Solution Path
And Diagnostics

• Taking advantage of  
interactivity and  
built-in diagnostics  
help us understand  
our fits.

• Our model slows  
down improving on  
training and starts  
to get worse on the  
hold-out set.

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .
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Interactive Solution Path
Collinearity

• The solution path also gives us a clear picture of what happens when have
a lot of collinearity in our predictors.

• As we add more collinearity to our model, things get unstable and our
estimates blow up in magnitude towardsthe end of the path.

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .
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Interactive Solution Path

C o p y r ig h t © S AS In st itu t e  In c. A l l r ig h ts r e se r ve d .

Rules of Thumb

• Here are some rules of thumb that may help…

• For designed experiments…

• Consider Dantzig Selector,2SFS,or Double Lasso.

• Stick with an information criteria for tuning.

• Observational data? Consider a penalized method.

• Correlatedpredictors?Try the elastic net.

• …but if all you care about is prediction, maybe the lasso.

• Use a holdback setwhen possible.

• Don’t worry about effect heredity.

• Is the normal distribution reasonable? Don’t be afraid to try Gamma…
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More Rules of Thumb
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• We can summarize what methods to consider in a flow chart.

• BIG DISCLAIMER – These are not hard and fast rules for what one should  
do. They are merely the methods that I tend to find myself using in  
different circumstances.

• Can’t decide between two (or more) methods? Consider trying them both  
and taking the intersection or union of the results.

• Break it down into two settings: experimental and observational data.
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Experimental Data

Do we have to enforce
Effect heredity?

Do we have higher order effects?

Just a couplefactors?

Best  
Subset  
w/AICc

Is n<p?

Pruned
FS or FS
with AICc

Dantzig  
Selectoror  
Pruned FS  
with AICc

Two Stage
or Pruned
FS w/AICc

No
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Yes

YesYes

Yes

No
No

Dantzig  
Selector or  
Pruned FS  

w/ AICc

No
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Observational Data

Lots of correlatedpredictors?

Do we need to capture all  
groupsof correlated predictors?

Do we have lots of rows?

ENetwith  
AICc

ENet with  
holdbackset

Do we have lots of rows?

Lassowith
AICc

No
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No

No

No

Yes

Yes
Yes

Lasso or  
DoubleLasso  

with  
Holdback set Yes
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Demonstration
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