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/. \DSURGO 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!

Predictor

Predictor

Useful Predictors
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« Variable selection is crucial for several reasons.
« The resulting model...

1. ..iseasier tointerpret.Oftenitis much easier to interpret
2. ..will generalize well to new observations.

3. ..isstable to small changesin the observed data.

4. ..is easier touse/deploy.

- |t goes by several names: predictor/feature/subsetselection and others
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What isit?

- Fit Model personality introduced in JIMP Pro 11 called Genreg.

4 Fit Maclel - JMP - O X

L
L
L

4 = Model Specification
Select Columns Pick Role Variables Personality! | Generalized Tarmmem
*111 Cal
S Achd Distribution: | Binomial -
A sbp optional
A tobacco Mormal ~
:ladc:iposit” | Weight || aptional numeric | Cauchy
ed .
ik famhist | Freq || optional numeric | I—IRECEH 0 Exponential
A typea —— Rermove Gamma
A obesity [Validation| | Fold | ERemee | Weibull
A alcohol | By || optional | LogMNormal
4
chd
dFold Construct Model Effects Quantile Regression
Add sbp Cox Proportional Hazards
tobacco e

|d|_ . Binormial
adlpqmt}f Beta Binomial
fambhist . .
typea Multinomial
chesity Ordinal Logistic
Degree 2 ;

9. alcohaol Poisson
Attributes (=] |age
Transform [+
[ No Intercept Z| Binomial
Z| Beta Binomial =

Megative Binomial

T 2 ) TESF T= TED I OU T FTESETIC = U
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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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This covers a lot of cases

s
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Estimation and Selection

- Genreg has a variety of estimation methods to choose from
- Maximum Likelihood: 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, ...)



Arosunso Genreg @

- 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 results of a designedexperiment or an
observationalstudy.

- Genreg can be your go-to place to build regression models in JMP Pro.
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- Genreg offers a handful of stepwise variable selection methods.
- Why do we call them stepwise?

- These arelargely 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.  BestSubset
2. Forward Selection and Two-Stage Forward Selection
3. BackwardElimination
4. PrunedForward Selection
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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):

ModelSize Sowe fit all 8of these

0 Just the Intercept models and declare a

1 (X1), (X2), (X3) best model based on
some criterion.

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

3 (X1, X2, X3) Seems reasonable, right?
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Best subset

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

Number ofterms | Number of Models | RunningTotal

1 65 66
2 2080 2146
3 43680 45826
4 677040 722866
5 8259888 8982754
6 82598830 91581634
7 696190560 787772194



Aevsirco Stepwise Methods in Genreg

Forward Selection

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. Startwith justanintercept

2. Testeachvariable forinclusion (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.



Aosurco Stepwise Methods in Genreg
FS Example

- Consider a (very) simple example with 4 predictors.
Stepl Step2 Step3 Step4

pforXl .2 15 2 A*
p forX2 .001*
p forX3 .6 .03*
p forX4 .05 3 .06*
- Now we have 5 models to consider out of 16 possible
1. Interceptonly 4. X2,X3,X4
2. X2 5. X2,X3,X4, X1

3. X2,X3



/. NDSURGO Stepwise Methods in Genreg
Forward Selection

Intercept

/

X1, X2,X3

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

14
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Two-Stage ForwardSelection

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

- It may make sense to break selection into two pieces:
1. Forward Selection just on main effects gives us an active set S.
2. ForwardSelection on S and the higher order effects that contain S.

4~ Forward Selection with AICc Validation 4~ Forward Selection with AICc Validation

4 Solution Path 4 Solution Path
25 r 25

A o Y
= 1 . |
L 15 1 : —
£ — : [ m—
X < ==
E L 1 ) I ——
-10 A
0 5

-15
15 10 15
4 6 g 10 Step Number
Step Number - -
4 Active Parameter Estimates

. - Wald

< Active Parameter Estimates Term Estimate  StdError  ChiSquare
Wald Intercept -6.970279 0.9999311  48.591483
Term Estimate  StdError  ChiSquare tobacco. 0.0837833 0.0257068  10.622289
Intercept -5.538269 0.8809934  39.518531 Idl 03572134 0089388 15.96972
tobacco 0.0803753 0.0250518  10.292569 famhist[Absent-Present] -0.851191 02322616  13.430733
G 01619916 0.0550878  8.3714176 typea 0.0427935 0.0122257  12.252042
famhist[Absent-Present] -0.908175 0.2248543  16.312035 age 0.0527964 0.0099233  28.307085
typea 00371152 00118111  9.8747155 (tobacco-3.63565) (fypea-531039)  -0.005308 0.0023366  5.1609842
age 00504604  0.00966 27.286505 (Id1-4.74032) Famhist[Absent-Present] -0.346879 01137811  9.204284

Copyright © SAS Institute Inc. Al rights reserved
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Two-stage Forward Selection

- Why break the selection process up?

- Especially nice for analyzing designed experiments
1. We believe main effects are strongerthan higher order effects.
2. We may be more aggressive/liberalin the first stage.
3. We believe in effect heredity.
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BackwardElimination

Backward Elimination puts structure around a manual process:
Fit a model, drop variables that aren’t significant, refit model, ...

- BE algorithm

1. Startwith everythingin the model

2. Dropthe worsteffect based on Wald p-values (biggeris 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.



Aosurco Stepwise Methods in Genreg

A BackwardsExample

- Another toy example with 4 predictors.
Step1 Step 2 Step 3 Step4

p forX1 .001 4*
p for X2 2 15 .06*
p for X3 .6*
p forX4 .05 .03 01 .003
- Again we have a sequence of 5 models toconsider:
1. X1,X2, X3, X4 4. X4
2. X1, X2, X4 5. Justanintercept

3. X2, X4



X1, X2,X3 X1,X2, X4

X1, X2

Stepwise Methods in Genreg

BackwardElimination

EEDET

X1, X3, X4 X2,X3, X4

—

!

Intercept

19
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Forward and Backward Steps

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

Wouldn’t it make sense to combine them? Estimation Method

Pruned Forward Selection b

[ Advanced Controls

- That’s our goal with the Pruned Forward Validation Method

Selection method in Genreg. AICc v

) [ ] Early Stopping
- Unique to Genreg

- At eachstepin the algorithm, we consideradding a
term, droppinga term, or swappingthem.
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Pruned ForwardSelection

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

- The Algorithm starts similar to Forward Selection, but at each step
1. Find thevariablethat mostwantsto enter Xy (Scoretest)

2. Find the variable that most wantsto leave X; (Waldtest)
A.  Tryadding Xg
B. TryremovingX;
C. Tryswapping X for Xg

3. Gowith A, B, or C based on which fits best.
4. Go backtol.

- Starts like FS but then we prune off variables aswe go.
- Be careful not to get stuck in aloop.
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Pruned ForwardSelection

« A variablecan enter and leave the model many times (and change signs).

ASolution Path

200 *

100

G ﬂu“‘u‘w'ﬂw

0 20 40 60 a0 100 120
Step Mumber

Parameter Estimates

-100
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Effect Heredity

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 arein.

EX: If we want to consider A * B x C,
A B C,AxB,AxC, and B *x C must all be in the model

This is sometimes called strongeffect heredity.
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- Effect Heredity option is in the Advanced Controls panel.

- Heredity often makes sense for designed experiments.

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

4 Medel Launch
Estimation Method

Forward Selection W

4 Advanced Controls

Enforce Effect Heredity
Initial Displayed Soluticn Best Fit w

> Force Terms

- Heredity is quite polarizing —some people love it, others don’t.
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Defense and Aeraspace Test and Analysis Workshop




Ansumo Penalized Regression

- Stepwise methods are great.
1.  Easy toimplement
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.



Arosunso Penalized Regression !
Ove rfi tti n g Defense and Aeraspace Test and Analysis Workshop

Badly overfit polynomial

- What exactly is overfitting?

Overfitting occurs when our model is more complex
than needed and it starts to model random noisein

the data instead of the underlyingrelationships. 10

20

- Classic overfitting S R

« Our model fits great on the observed data ©

« Our model fails miserably when predicting new
observations

 Ourinferences are misleading

- If we slightlyalter the data, our model changes
dramatically
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~~~~~ The Ubiquitous Bias-Variance Balance

alysis Workshop
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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

Trevor Hastie
Robert Tibshirani
Jerome Friedman
The Elements of
Statistical Learning High Bias Low Bias
Low Variance High Variance
et ---—---  dcmmaa= e
2
&
Second Edition _g
8
% Test Sample
&
=9
Training Sample

Low High
Model Complexity

29
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Aosurco 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(X)+e i=1,..,n

e~N(@©,0%2) X; isp X 1vectorof predictors

f (X)) is our fitted model.

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

Prediction Error(f(XnH )) = E{[yn+1 - ]E(Xn+1)]z}



Aosurco Penalized Regression
Prediction Error
P g Fal a 2
Prediction Error (f(xn+1)) =E {[}’n+1 - f(xn+1)] }
= E{[yns1 — fGons1) + fCtnsn) = FGnr )]}
= Ef[yner = FCone )1+ E{[f i) = O]’}
+ ZE{[yn+1 _ f(xn+1)] [f(xn+1) _ f(xn+1)]}

We know that E[y,.; — f(x,+1)] = 0 because E (¢;) = 0.

= PE (f(xn+1)) =o0% + F{[f(xn+1) - f(xn+1)]i}
MSE
PE (f(xn+1)) = 0% + MSE (f(xn+1))




Aosurco Penalized Regression
The Bias/Variance Tradeoff

- Prediction Error(f(Xn+1)) = 0?2 + MSE (f(Xn+1))
= 0%+ E[f(Xn+1) - f(Xn+1)]2 + Var[f(XnH)]

f \

Fixed Bias Squared Variance

« Thisis the bias/variance tradeoffin 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!
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Penalized Regression

An exaggerated example of bias/variance tradeoff

This tradeoff comes up
all the timein statistics.

The estimatoronthe
top is unbiased but
highly variable.

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

Copyright © SAS Institute Inc

Estimator 1

0.2 04 06 0.8

Estimator 2

a0 — o8

mim

All rights reserved

Summary Statistics

Mean 0.5003234
Std Dev 0.2883447
Std Err Mean 0.0028834

Upper 95% Mea  0,5059755
Lower 95% Mean 04946713
N 10000

Summary Statistics

Mean 0.5548714
Std Dev 0.0876164
Std Err Mean 0.0008762

Upper 95% Mea  (,5565839
Lower 95% Mean  0,55315%4
N 10000

DATAWorks

2024
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- OLS is unbiased and we worked out the prediction error.
f = argmin ) (3 = x)* = (X"X)"'XTy
B i

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

3 A
Priage = argﬁminz'(yi — x;B)? +§2-ﬁfz
‘ j
= (XTX +21,) ' X"y
- Tuning parameter A controls the magnitude of parameters.

« A =0 isthe usual OLSsolution
- As Aincreases, parameter estimates move toward zero. Shrinkage!



Aosurco Penalized Regression
Ridge and the Diabetesdata

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

4 Measures of Fitfor Y

Validation Predictor Creator .2.4.6.8 RS5quare
Training OLS Pred  Fit Least Squares f 0.6645
Training FS Pred Fit Generalized Forward Selection ::] 0.4908
Training Ridge Pred Fit Generalized Ridge :| 0.5440
Test OLS Pred  Fit Least Squares Jiiii] 01378
Test FS Pred Fit Generalized Forward Selection :| 0.4527
Test Ridge Pred Fit Generalized Ridge nnl 0.4893

RASE

44,537
54.866
51.918
71.536
56.9%96
55.054

34,933
45,405
43,039
23.371
47.734
45817

265
265
265
66
66
66

DATAWorks

2024

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

Copyright © SAS Institute Inc.

All rights reserved
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Aevsirco Penalized Regression
A Family of Models

- Ridge opened the door to a variety of penalizedtechniques

> ; . )2 .
f= argﬁmmzi(yl xiB)? + lZp(ﬁ])

x? Ridge (L2 norm)
|x| Lasso (L1 norm)
I1(x #0) Best Subset (LO norm)
(ad —x), Smoothly clipped absolute
Ix=A)+ (a— 1A I(x>4) deviation

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




Aosurco Penalized Regression
The Lasso

» Tibshirani (1996) introduced the Lasso:

3[(1550 — argﬁminZ(yi - xiﬁ)z + /12 |ﬁjl
i J

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!



Arosurso Penalized Regression !

1.2

* C(lose to zero, the lasso
penalty is much more
harsh than the ridge
- penalty.
. AN * This partially explains
£ why lasso is able to
3 shrink parameters all
the way to zero but
o2 Ridge— " ridge cannot.

Parameter Value
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Back to Diabetes

- Unfortunately the lasso MSE is not easy to workout.

- As Aincreases, biasgoes up and variance comes down.
- Ifonly a subsetof predictorstrulyare active, lasso should beat ridge.

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

4 Measures of Fit forY
Validation Predictor RS5quare RASE AAE Freq
Training OLS Pred 0.6645 44537 34033 265
Training Ridge Pred  0.5440 51918 43.03¢ 265
Training Lasso Pred 0.5183 53.363 44.611 265
Test OLS Pred 01378 7T1.536 53.371 66
Test Ridge Pred 0.4393 55.054 45817 66
Test Lasso Pred 0.5085 54.010 45731 66
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Ridge vs Lasso

Ridge
- Providesan estimate for all p terms (even when n < p)
« Naturally handles collinearityand even linear dependencies

Lasso

- Estimationandvariable selectionat the same time
- Providesestimatesfor up to n parameters
- Ifx1 and x; are highly correlated, we’ll probably only select one of them.

Can we combine their strengths?



Aevsirco Penalized Regression
The ElasticNet

Zou and Hastie (2005): Ridge + Lasso = Elastic Net
Penalty: p(B) = 1_7“,82 + a|f| a€]0,1]

a tuning parameter controls the mix of £1 and €, penalties.

Ridge and Lasso are special cases (@ = 0 and a = 1 respectively)
When a € (0,1)

1.  Weget selection andshrinkage

2. We can handle collinearityand dependencies.
3. Wecan estimate more than n coefficients.

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



ﬁ%%@ Penalized Regression
Elastic Net Penalty




Aevsirco Penalized Regression
Elastic Net vs Lasso

Suppose we have 10 candidate predictors.

X7 and x4 are highly correlated and they are both truly active.
- Lasso will likely only choose x5 or x4
- Elastic Net will likely choose x5 and x4

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.



Arosurso Penalized Regression !
Diabetes

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

- Elastic Net chooses 32 variables, Lassoonly 9.
- Why? Our variablesare highly correlated (BMI, BP, Cholesterol,...)

4 Measures of Fit for Y
Validation Predictor RS5quare RASE AAE Freq
Training OLS Pred 0.6645 44,537 34,933 265
Training Lasso Pred 0.5183 53.363 44.611 265
Training Elastic Met Pred 0.5808 49782 40.860 265
Test OLS Pred 0.1378 71.536 53.37M1 eli)
Test Lasso Pred 0.5085 54010 45,781 eli)
Test Elastic Met Pred 0.2296 52.838 42,988 bo




Aosurco Penalized Regression
Adaptive Lasso

- 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 ﬁAL = arg minzi(y,; — Xfﬁ)z + /121' W |18]|
p

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

1.5
N
10 know beta small
2
) /
3

know beta large

05

0.0

0.0 0.2 04 0.6
Beta

0.8 1.0 1.2



Aevsirco Penalized Regression
Adaptive Lasso

- Carefully chosen weights give the adaptive lasso the oracle property.
That means that asymptotically,

1. Weshould choose the correctactive set.
2. We should predictas 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.

— 1
w, = 1/
J /Iﬁj,Ole



Aevsirco Penalized Regression
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. Youradaptive lasso fit looks suspicious

Bottom line is to be careful with this one



Aevsirco Penalized Regression
Another variation of the Lasso

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

1. Dothelassoonthe full set of predictors, givingus a set S.
2.  DothelassoonsS.

« 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.



Aevsirco Penalized Regression
Penalties and Generalized Linear Models

- So far, we've focused on penalized least squares.

- All of these ideas extend naturally to GLMs, JUSt penalize thelikelihood.

p = arg mm—log[lzkellhood(ﬂ) + AZp(ﬁ]
B

- Same ideas, just fewer computational tricks.



Aosurco Penalized Regression

The Dantzig Selector

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

fps = arg min};; |B;| subject to IXT(y = XB)|e < s
B

- In words — control the magnitude of coefficients subject to a constraint on
the maximum correlation between the design and theresiduals.

« Unlike Lasso or Elastic Net, this doesn’t extend naturally to GLMs.




Aosurco Penalized Regression
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 supersaturated designs.

- Some DS theory was extended to the Lasso.
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- The Solution Path summarizes the sequence of fits.

1000

e BMIland LTG are
the first two terms
to enter the model.

f?*—L’——’— « HDLenterswith a

500 BMI  ————=

; \ e —— / negative
coefficient, but
later becomes
-1000 pOSitive as the
0 200 400 600 8001000 1400 1800 2200 2600 3000 3400 .
Magnitude of Scaled Parameter Estimates pe n a |ty IS re | axed .

- Each lineisa model parameter, the penalty decreases from left to right.
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Grid of TuningParameters

- We have to define the grid of tuning parameters [A1, A2, -*-, A4].
1. Alinear grid gives more points near the intercept-only model.
2. Log grid gives more points near the unpenalized model.
3. Squarerootis a compromise betweenthe two. (Default)

4 ~/Graph Builder
4 = Generalized Regression for response Penalty vs. Type

£ Model Launch Type
Estimation Method 5 Square Root

......................................................

[Lasso '] L
Adaptive
4 Advanced Controls

Number of Grid Points 150

Minimum Penalty Fraction ]

. @
Grid Scale Linear - .%SquarERDDt 0000000000800 E BB R R BB B B B s B B s B @ e e e

Linear

Initial Displayed Sclution Square Roat
Log

|> Force Terms

Walidation Method

[T Early Stopping
09 03 05 08 10

Penalty

Copyright © SAS Institute Inc. Al rights reserved
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Cross Validation

- Cross validation refers to the process of breaking our data
into training and validation sets.
- 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.



ADSURGO 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 B (1) for each A.

For each A, calculate SS for the validation set:
150

R 2
SSV(%;) = 2 (v —x:iB(4))
i=101
A that minimizes SSV is our “best” model.

xl_l x1_p

Y1
. : : Training
x o X :
100,1 100,p leO

X - X
101,1 101,p Vio1

Validation

| *1501 - X150p | | Y1s0_|
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Do we really wantthe best?

- Genreg gives you the best model in terms of AIC/CV/...
« When a simpler model is nearly as good, should we go simpler?
- If our goal is effect screening, should we go more complex?

Legend
0.65

=—\alidation

— Training

16 active terms

0.60

0.55

CV Error

0.50

9 active
terms

0.43

0 50 100 150 200
Magnitude of Scaled Parameter Estimates
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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= probablyavoidthese models

AlCc

535

530

525

520

515

510

505

20 40 60
Magnitude of Scaled Parameter Estimates

80

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

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

Defense and Aercspace Test and Analysis Workshop

- 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 availablein the Preferences).

4 ~|Adaptive Lasso with AICc Validation

<4 Model Launch ASotution Path
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Stepwise Methods

- 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.

4 Solution Path
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A Forward Selection Solution Path

Parameter Estimates
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4 Lasso Solution Path
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The shapes may be different, but the informationconveyed is the same
regardlessof method: The sequence of variablesselected.
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Solution Path

- Taking advantage of o] - o en
interactivity and o
built-in diagnostics  ; ... I
help us understand = & «= 5,
our fits. o | i

50 100 150 o 50 100 150
Step Mumber Step Mumber

Actual by Predicted Plot

Training Validation
350 1 350

« Our model slows
down improving on

200 200

training and starts
to get worse onthe =

50 50

hold-out set. )

0
o 50 100 150 200 250 300 350 o 50 100 150 200 250 300 350
¥ Predicted ¥ Predicted



ADSURGO Interactive Solution Path (&

- 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.
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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 criteriafor tuning.

Observational data? Consider a penalized method.
 Correlatedpredictors?Try the elastic net.
- ..butif all you care aboutis prediction, maybe the lasso.

- Use a holdback setwhen possible.
- Don’tworry about effect heredity.

Is the normal distribution reasonable? Don’t be afraid to try Gamma...
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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 | 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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