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"Doubt is not a pleasant mental state, but certainty is a

ridiculous one."
— Voltaire (1694-1778)

e Necessity to select models is
great despite philosophical
issues

e Myriad model/variable
selection methods based on
loglikelihood, RSS, prediction
errors, resampling, ete
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Some motivating questions

« How to practically select model(s)?
o How to cope with an ever increasing number of observed variables?
o How to visualise the model building process?

« How to assess the stability of a selected model?
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Topics
A1. Selecting models
o Stepwise model selection

 Information criteria including AIC and BIC

o Exhaustive and non-exhaustive searches

A2 Regularisation methods

A3 Marginality constraints

4/60



A1. Selecting models



Body fat data

13 or 14 explanatory variables

data("bodyfat", package = "mplot")
dim(bodyfat)

## [1] 128 15

names (bodyfat)
HH [l] "Td" "Bodyfat" "Age"
#% [7] "Chest" "Abdo"  "Hip"
## [13] "Bic" "Fore" "Wrist"

Source: Johnson (1996)

"Weight"
"Thigh"

Response variable: body fat percentage: Bodyfat

"Height"
n Knee"

N = 252 measurements of men (available in R package mfp)

Training sample size n = 128 (available in R package mplot)

HNeCkH
"Ankle"
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Body fat: Boxplots

bfat = bodyfat[,-1]
boxplot(bfat, horizontal = TRUE, las = 1)
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Body fat data: Full model and power set

names (bfat)
## [1] "Bodyfat" "Age" "Weight" '"Height" "Neck" "Chest"
## [7] "Abdo" "Hip" "Thigh" "Knee" "Ankle" "Bic"
## [13] "Fore" "Wrist"

Full model

Bodyfat=p8; + pByAge + B3Weight + B,Height + B5sHeight +
BsChest + B7Abdo + BsHip + B9Thigh + £;9Knee +
B11Ankle + B19Bic + Bi3Fore + 514 Wrist + €

Power set

Here, the intercept is not subject to selection. Therefore, p — 1 = 13 and thus
the number of possible regression models is:

M = #A =213 = 8192
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Body fat: Best bivariate fitted model

MO = lm(Bodyfat ~ Abdo , data = bfat)
summary (MO)

##

## Call:

## Im(formula = Bodyfat ~ Abdo, data = bfat)

##

## Residuals:

## Min 1Q Median 3Q Max

## -10.3542 -2.9928 0.2191 2.4967 10.0106

##

## Coefficients:

#it Estimate Std. Error t value Pr(>|t])

## (Intercept) -43.19058 3.63431 -11.88 <2e-16 **x*

## Abdo 0.67411 0.03907 17.26 <2e-16 **x*

## ——-

## Signif. codes: 0 '*xx*x' 0.001 'xx' 0.01 'x' .05 '.' 0.1 ' ' 1
##

## Residual standard error: 4.249 on 126 degrees of freedom

## Multiple R-squared: 0.7027, Adjusted R-squared: 0.7003
## F-statistic: 297.8 on 1 and 126 DF, p-value: < 2.2e-16
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Body fat: Full fitted model

M1
su

##
#H#
##
##
##
##
#H#
##
##
#H#
##
##
##
##
#H#
##
##
#H#
##
##
##
##
#H#
##

3Q

= Ilm(Bodyfat ~ ., data = bfat)
mmary (M1)
Call:
Im(formula = Bodyfat ~ ., data =
Residuals:
Min 1Q Median
-9.3767 -2.5514 -0.1723 2.

Coefficients:
Estimate Std.

(Intercept) -52.553646 40.
Age 0.009288 (0]
Weight -0.271016 (0]
Height 0.258388 0]
Neck -0.592669 (0]
Chest 0.090883 0]
Abdo 0.995184 0]
Hip -0.141981 (0]
Thigh 0.101272 0
Knee -0.096682 (0]
Ankle -0.048017 (0]
Bic 0.075332 0]
Fore 0.412107 (0]
Wrist -0.263067 0]

6391

bfat)

Max

9.1393

Error t value Pr(>|t|)

062856

.043470
.243569
.320810
.322125
.164738
.123072
.204533
.200714
.325889
.507695
.244105
.272144
. 745145

-1.

0.
-1.

0.
-1.

0.

8.
.694
.505
.297
.095
.309
.514
.353

312
214
113
805
840
552
086

O OO OO OONOOOOOO

0.
.8312
.2682
.4223
.0684
.5822
9e-13
.4890
.6148
.7673
.9248
. 7582
.1327
. 1247

1922

* k%
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The AIC and BIC

AIC is the most widely known and used model selection method (of
course this does not imply it is the best/recommended method to use)

AIC Akaike (1973):

AIC = —2 x LogLik + 2 x p

BIC Schwarz (1978):

BIC = —2 x LogLik + log(n) x p

The smaller the AIC/BIC the better the model

These and many other criteria choose models by minimizing an
expression that can be written as

Loss + Penalty
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Stepwise variable selection

Stepwise, forward and backward:

1.

Start with some model, typically null model (with no explanatory
variables) or full model (with all variables)

. For each variable in the current model, investigate effect of removing it

. Remove the least informative variable, unless this variable is

nonetheless supplying significant information about the response

For each variable not in the current model, investigate effect of
including it

. Include the most statistically significant variable not currently in model

(unless no significant variable exists)

. Go to step 2. Stop only if no change in steps 2-5
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Body fat: Forward search using BIC

MO = lm(Bodyfat ~ 1, data bfat)

M1 = lm(Bodyfat ~ ., data bfat)

step.fwd.bic = step(MO, scope = list(lower = MO, upper = M1l),
direction = "forward",
trace = FALSE,
k = log(128))

round (summary (step.fwd.bic)$Scoef, 3)

#it Estimate Std. Error t value Pr(>|t|)
## (Intercept) -47.991 3.691 -13.003 0
## Abdo 0.939 0.080 11.743 0]
## Weight -0.243 0.065 -3.740 0]

o Best model has two features: Abdo and Weight

« Backward search using BIC gives the same model (confirm yourself)
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Body fat: Backward search using AIC

MO = lm(Bodyfat ~ 1, data bfat)
M1 = lm(Bodyfat ~ ., data bfat)
step.bwd.aic = step(M1, scope = list(lower = MO, upper = M1l),

direction = "backward",
trace = FALSE,
k = 2)

round (summary (step.bwd.aic)S$coef, 3)

#it Estimate Std. Error t value Pr(>|t|)
## (Intercept) -41.883 8.310 -5.040 0.000
## Weight -0.229 0.079 -2.915 0.004
## Neck -0.619 0.266 -2.325 0.022
## Abdo 0.980 0.081 12.036 0.000
## Fore 0.434 0.238 1.821 0.071

e Best model has four variables

« Using AIC gives larger model because 2 < log(128) = 4.85
e k=2 isthe defaultin step()
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Body fat: Stepwise using AlIC

MO
M1
st

##
##
##
##
##
##

e Here, default stepwise gives the same as backward using AIC

= Ilm(Bodyfat ~ 1, data
= Ilm(Bodyfat ~
ep.aic = step(M1l, scope

(Intercept)
Weight
Neck

Abdo

Fore

., data

trace
round (summary (step.aic)Scoef, 3)

Estimate Std.

-41.
-0.
-0.

0.
0]

883
229
619
980

.434

bfat)
bfat)

list(lower
FALSE)

MO, upper =

Error t value Pr(>|t])

.310
.079
.266
.081
.238

© 00 O

o This does not hold in general

-5.
-2.
-2.
12.

1.

040
915
325
036
821

0.
0.004
0.022
0.

0.071

000

000
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Criticism of stepwise procedures

« Never run (p value based) automatic stepwise procedures on their own!

Stepwise regression is probably the most abused computerized
statistical technique ever devised. If you think you need stepwise
regression to solve a particular problem you have, it is almost certain
you do not. Professional statisticians rarely use automated stepwise
regression.

— Wilkinson (1998)

« See Wiegand (2010) for a more recent simulation study and review of
the performance of stepwise procedures
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Exhaustive search

Exhaustive search is the only technique guaranteed to find the
predictor variable subset with the best evaluation criterion.

Since we look over the whole model space, we can identify the best
model(s) at each model size

Sometimes known as best subsets model selection

Loss component is (typically) the residual sum of squares

Main drawback: exhaustive searching is computationally intensive
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The ImSubsets package

e Main function: ImSubsets () performs an exhaustive search of the
model space to find all-subsets selection for predicting vy in linear
regression (Hofmann, Gatu, Kontoghiorghes, Colubi, and Zeileis, 2020)

« Uses an efficient branch-and-bound algorithm

o« The TmSelect() function performs best-subset selection

Historical note: the 1eaps package also performs regression subset selection including
exhaustive searches (Lumley and Miller, 2009) for /inear models, the 1msubsets package seems
to be faster at achieving a similar goal and offers a few more features.
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The TmSubsets function

o Input: full model and various optional parameters (e.g. include and
exclude parameters to force variables in or out of the model space;
nmin and nmax to specify the smallest and largest model space; and
nbest for the number of best subsets to report in each model size).

e Output: a ImSubsets object but you interact with it using the summary
function which reports model summary statistics (e.g. 6, R?, AIC, BIC)

o Plot: there's also a plot method which can be applied to the ImSubsets
object
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The TmSelect function

The 1mSelect function is similar to the ImSubsets function but it helps
the user choose a "best” model.

o Input: full model and various optional parameters including the
penalty parameter

o penalty = "BIC" isthe default
o penalty = 2 or penalty = "AIC" gives AIC

o or a more general function penalty = function (size, rss)
where where size is the number of regressors, and rss the
residual sum of squares of the corresponding submodel

o Output: a ImSelect object. In particular, the list has elements such as
subset (identifies the selected variables)

The refit() can be used to fit the selected model and return an 1m object.
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Body fat: Exhaustive search

7 (0) 8 (0)
1914.939 1912.117
14 (0)

1898.592

library(lmSubsets)
rgsbst.out = lmSubsets(Bodyfat ~ ., data = bfat,
nbest = 1,
nmax = NULL,
include = NULL, exclude = NULL)
rgsbst.out
## Call:
#i ImSubsets(formula = Bodyfat ~ ., data = bfat, nbest = 1, nmax = NULL,
#i include = NULL, exclude = NULL)
H#
## Deviance:
#H# [best, size (tolerance)] = RSS
#t 2 (0) 3 (0) 4 (0) 5 (0) 6 (0)
H# 1st 2274.919 2045.958 1975.423 1939.099 1922.31
## 9 (0) 10 (0) 11 (0) 12 (0) 13 (0)
H# 1st 1905.726 1902.934 1900.909 1899.58 1898.741
##
## Subset:
#i [variable, best] = size
H 1st
#H +(Intercept) 2-14
##  Age 13-14
## Weight 3,5-14
## Height 8-14
## Neck 4-14
H# Chest 9-14
H# Abdo 2-14
H Hip 4,6-14
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Exhaustive search

Body fat

image(rgsbst.out)

All subsets

r
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Body fat: Exhaustive search

summary.out
names (summary.out)

## [1]

round (summary.out$stats, 2)

##
##
##
##
##
##
##
##
##
##
##
##
##
##

O oo ~NOoO U~ WN

N S
AWNRO

"call"

"terms"

SIZE BEST sigma

2

O oo ~NO Ul bW

10
11
12
13
14

1

FRPRRRPRRRRRRRRR

4,
.05
.99
.97
.97
.98
.99
.00
.02
.03
.05
.06
.08

A DMDMDAMDIMDMWWWWWHA

25

(O ONONONONONONONONONOMNMOMNO]

"nvar"

summary (rgsbst.out)

"nbest"

R2 R2adj pval

.70
.73
.74
.75
.75
.75
.75
.75
.75
.75
.75
.75
.75

0.
.73
.74
.74
.74
.74
.74
.73
.73
.73
.73
.73
.72

(OO ONONONONONONONOMNOMNO]

70

ol ol oMoMoNoNoNONOMNONONMONO

"size"

0o h~NO

1

(O]

Cp

.60
.85
.39
.57
.58
.98
.81
.43
.26
.14
.06
12.
14.

01
010}

737.
726.
723.
723.
724.
725.
727.
728.
730.
732.
734.
736.
738.

"stats"

AIC
59
01
52
15
03
54
35
92
74
60
51
45
44

746.

737

737.
740.
744 .
748.
753.

757

762.
766.

771l

776.
781.

BIC
15
.42
78
26
00
36
02
.44
11
82
.59
38
22
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Body fat: Exhaustive search

plot(rgsbst.out)
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Body fat: Exhaustive search with selection

best_bic = lmSelect(Bodyfat ~ ., data = bfat)
best_aic = lmSelect(rgsbst.out, penalty = "AIC")
rbind(best_bic$subset,

best_aicS$subset)*1

## (Intercept) Age Weight Height Neck Chest Abdo Hip Thigh Knee Ankle Bic Fore Wrist

## 1 1 0 1 0 0 0
## 2 1 0] 1 0] 1 0]

1
1

0
0

0
0

0
0

0
0

0
0

0
1

0
0
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Body fat: Best subsets with BIC

best_10_bic = lmSelect(Bodyfat ~ ., data = bfat, nbest = 10)
plot(best_10_bic) image (best_10_b1ic)
Best subsets Best subsets
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A2. Reqgularisation methods



Regularisation methods with glmnet

Regularisation methods shrink estimated regression coefficients by
imposing a penalty on their sizes

o There are different choices for the penalty

e The penalty choice drives the properties of the method
In particular, glmnet implements

« Lasso regression using a L; penalty
e Ridge regression using a L, penalty
. using both, an L; and an L, penalty

« Adaptive lasso, it takes advantage of feature weights
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Lasso is least squares with L penalty

o Simultaneously estimate and select coefficients through

/élasso — Blasso(A) — a’rgminﬂeRp{(y - XIB)T(y _ X/B) + A HIBHI}

e positive tuning parameter A controls the shrinkage

« Optimisation problem above is equivalent to solving

p
minimise RSS(B) = (y — XB)’ (y — XB) subject to Z 18| <t.

j=1
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Example: Diabetes

o We consider the diabetes data and we only analyse main effects

o The data from the lars package is the same as the mplot package but
is structured and scaled differently

data("diabetes", package = "lars")
names (diabetes)

## [l] llxll llyll |IX2||
dim(diabetes)
## [1] 442 3

X = diabetes$x
dim(x)

## [1] 442 10

y = diabetesS$y 31/ 60



Example: Diabetes

class(x) = NULL
boxplot(x, cex.axis = 2)
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Example: Diabetes

Im.fit = Im(y~x)
summary (lm.fit)

H#

## Call:

## Im(formula =y ~ x)

H#

## Residuals:

## Min 1Q Median
## -155.829 -38.534 -0.227
H#

## Coefficients:

3Q Max

37.806 151.355

#it Estimate Std. Error t value Pr(>|t])
## (Intercept) 152.133 2.576 59.061 < 2e-16
## xage -10.012 59.749 -0.168 0.867000
## xsex -239.819 61.222 -3.917 0.000104
## xbmi 519.840 66.534 7.813 4.30e-14
## xmap 324.390 65.422 4.958 1.02e-06
## xtc -792.184 416.684 -1.901 0.057947
## x1dl 476.746 339.035 1.406 0.160389
## xhdl 101.045 212.533 0.475 0.634721
## xtch 177.064 161.476 1.097 0.273456
## xltg 751.279 171.902 4.370 1.56e-05
## voln R7 RIEB AR QR4 1 AI5 A 2MEAAR

* k%

* k%

* k%
* k%

* k%
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Fitting a lasso regression

Lasso regression with the glmnet () functionin library(glmnet) has as
a first argument the design matrix and as a second argument the response

vector, i.e.

library(glmnet)
lasso.fit = glmnet(x, y)
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Comments
« glmnet. fit is an object of class glmnet that contains all the relevant
information of the fitted model for further use

« Various methods are provided for the object such as coef, plot,
predict and print that extract and present useful object information

e The additional material shows that cross-validation can be used to
choose a good value for X through using the function cv.glmnet

set.seed (1)
lasso.cv = cv.glmnet(x, y)
lasso.cv$lambda.min

## [1] 0.09729434
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Lasso regression coefficients

Clearly the regression coefficients are smaller for the lasso regression than

for least squares

LS = coef(lm.fit)
data.frame(lasso

lasso = as.matrix(coef(lasso.fit, s = c(5, 1, 0.5, 0)))
= lasso, LS)
Variable lasso.1 lasso.2 lasso.3 lasso.4 LS
(Intercept) 1521 1521 1521 1521 152.1
age 0.0 0.0 0.0 -9.2 -10.0
sex -453 -1959 -216.4 -239.1 -239.8
bmi 509.1 522.1 525.1 520.5 519.8
map 217.2 296.2 308.3 323.6 3244
tc 00 -101.9 -161.0 -716.5 -792.2
[dl 0.0 0.0 0.0 4184 476.7
hdl -147.7 -223.2 -180.5 654 101.0
tch 0.0 00 661 1646 177.1
Itg 446.3 513.6 5242 7237 751.3
glu 00 539 612 675 676
Sum of abs(coef) 1365.7 1906.7 2042.6 3248.5 3460.0
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Lasso regression vs least squares

beta_lasso_5 = coef(lasso.fit, s 5)

sum(abs(beta_lasso_5[-1]))

## [1] 1365.672

beta_lasso_1 = coef(lasso.fit, s = 1)
sum(abs(beta_lasso_1[-1]))

## [1] 1906.658

beta_1ls = coef(lm.fit)
sum(abs(beta_1ls[-1]))

## [1] 3460.005
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Lasso coefficient plot

plot(lasso.fit, label=TRUE, cex.axis = 1.5, cex.lab = 1.5)
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We observe that the lasso

« Can shrink coefficients exactly to zero
o Simultaneously estimates and selects coefficients

« Paths are not necessarily monotone (e.g. coefficients for hdl in above
table for different values of s)
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Further remarks on lasso

« lasso is an acronym for least absolute selection and shrinkage operator

e Theoretically, when the tuning parameter A = 0, there is no bias and
Blasso = BLS (p < n) however, glmnet approximates the solution

« When \ = oo, we get ..., = 0 = an estimator with zero variance
o For )\ in between, we are balancing bias and variance

« As )increases, more coefficients are set to zero (less variables are
selected), and among the nonzero coefficients, more shrinkage is
employed
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Why does the lasso give zero coefficients?
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This figure is taken from James, Witten, Hastie, and Tibshirani (2013) "An Introduction to Statistical Learning, with applications in R" with
permission from the authors. 41/ 60



Ridge is least squares with L, penalty

o As the lasso, ridge regression shrinks the estimated regression
coefficients by imposing a penalty on their sizes

p
minimise RSS(8) = (y — XB)' (y — XB) subject to Z BJ? <t,
=1

where the positive tuning parameter X\ controls the shrinkage

o However, unlike the lasso, ridge regression does not shrink the
parameters all the way to zero

 Ridge coefficients have closed form solution (even when n < p)

Bridge()‘) — (XTX + )‘I)_l-XTy
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Fitting a ridge regression
Ridge regression with the glmnet () function by changing one of its default

options to alpha=0

ridge.fit = glmnet(x, y, alpha = 0)

ridge.cv = cv.glmnet(x, y, alpha = 0)
ridge.cv$lambda.min

## [1] 4.516003

Comments

 In general, the optimal X for ridge is very different than the optimal X for
the lasso

« The scale of 3 7 and 3 |B;| is very different

e « is known as the elastic-net mixing parameter
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Elastic-net: best of both worlds?

« Minimising the (penalised) log-loglikelihood in linear regression with iid
errors is equivalent to minimising the (penalised) RSS

« More generally, the elastic-net minimises the following objective
function over 5, and 3 over a grid of values of X covering the entire
range

b b
__'EE:QUz Zh,/i)4—/3 a% '+'A :E::ﬁg + 2{:|ﬁ%|
j=1 j=1

o This is general enough to include logistic regression, generalised linear
models and Cox regression, where [(y;) is the log-likelihood of
observation 7 and w; an optional observation weight
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A3. Marginality principle



Generalised linear models
New concepts

 Logistic regression models
« Marginality principle for interactions

» Selected R functions:

o

glm() and glmnet()

(@]

AIC(...,k=log(n))

o

bestglm()

o

hierNet () incl hierNet.logistic()
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Rock-wallaby data

« Rock-wallaby colony in the Warrambungles National Park (NSW)
o Sample size n = 200 sites
e Zero/one responses y;'s: presence or absence of scats
« Five main effects and three special interaction terms:
o Main effects: x,, z3, x4, x5, T

o Interactions: z; = z9 X x4, T3 = Ty X T, L9 = T4 X Ts

data("wallabies", package = "mplot")
names (wallabies)

## [1] "rw" "edible"  "dinedible" "canopy" '"distance"
## [6] "shelter" "lat" "long"

wdat = data.frame(subset(wallabies, select = -c(lat, long)),

EaD = wallabies$edible * wallabies$distance,
EaS = wallabies$edible x wallabies$Sshelter,
DaS = wallabies$Sdistance * wallabiesSshelter)

Source: Tuft, Crowther, Connell, Miiller, and McArthur (2011). 47 /60



Rock-wallaby: Correlation matrix

round (cor (wdat), 1)

#i rw edible inedible canopy distance shelter EaD EaS DaS
## rw 1.0 0.3 0.0 0.0 -0.1 0.0 0.2 0.2 0.0
## edible 0.3 1.0 0.0 0.3 0.1 0.0 0.8 0.5 0.0
## inedible 0.0 0.0 1.0 0.1 0.1 -0.1 0.0 0.0 0.0
## canopy 0.0 0.3 0.1 1.0 0.2 0.0 0.3 0.1 0.0
## distance -0.1 0.1 0.1 0.2 1.0 0.1 0.5 0.1 0.5
## shelter 0.0 0.0 -0.1 0.0 0.1 1.0 0.0 0.6 0.8
## EaD 0.2 0.8 0.0 0.3 0.5 0.0 1.0 0.5 0.2
## EaS 0.2 0.5 0.0 0.1 0.1 0.6 0.5 1.0 0.5
## DaS 0.0 0.0 0.0 0.0 0.5 0.8 0.2 0.5 1.0
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Rock-wallaby: Visualised
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Logistic regression models

Logistic regression model is of the form

P(Y;=1|X,) =h(x'8,),i=1,...,n,

ol

1
where h(-) is the logistic function, h(u) = =

In R, using ML, the full model can be fitted through
o glm(y ~ ., family = binomial, data = dat)

Calculate BIC value through either,
o -2 x logLik(glm(...)) + log(n) * p
o AIC(glm(...), k = log(n))

Calculate AIC value through either,
o -2 *x loglLik(glm(...)) + 2 x p
o AIC(glm(...))
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Rock-wallaby: Possible models

e Here, p,. = 9, intercept part of all models, thus,
f

o all possible submodels, i.e. M = #.A4 = 2> ! = 28 = 256

Marginality principle

In general, never remove the main effect if a term involving its
interaction is included in the model.

e |.e. include main effects if interaction terms are modeled

e This reduces the number of submodels to M = 72
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Rock-wallaby: Full model

M1
su

##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##

HH

= glm(rw ~ ., family = binomial, data = wdat)
mmary (M1)
Call:
glm(formula = rw ~ ., family = binomial, data = wdat)

Deviance Residuals:
Min 1Q
-2.2762 -1.0810

Median 3Q Max
0.4916 1.0107 1.6596

Coefficients:

(Intercept) O.

edible 0.
inedible -0.
canopy -0.
distance -0.
shelter -1.
EaD -0.
EasS 0.
DaS 0.

1785976
1244071
0035853
0017489
0073732
1439199
0006349
0313602
0118275

0.
.0435224
. 0060614
.0056838
.0068719
. 71052026
.0004034
.0371986
.0076204

[OOCONONONONONO]

5547714

0.
.00426
.55419
. 75831
.28329
.10478
.11546
.39920
.12064

O ONOMONOCMONOMNO)

Estimate Std. Error z value Pr(>|z|)
.322
.858
.591
.308
.073
.622
.574
.843
.552

74751

* %
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The bestglm package

e The bestglm packages performs complete enumeration for

generalised linear models and uses the leaps package for linear
models.

e The best fit may be found using the information criterion IC: AIC, BIC.

e Itis also able to perform model selection through cross-validation with
IC="CV" (orthe special case IC="L00OCV").

See the vignette for further information.

Annoyingly, the vignette doesn't seem to be accessible in the usual way. You can try to access it locally using:

path = system.file("bestglm.pdf", package = "bestglm")
system(paste@('open "', path, '"'))
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Rock-wallaby: Best AlIC model

o If the marginality principle is not observed then we search over all
2% = 256 models.

library (bestglm)
## Loading required package: leaps

X = subset(wdat, select = -rw)

y = wdat$rw

Xy = as.data.frame(cbind(X, y))
bestglm(Xy, IC = "AIC", family = binomial)

## Morgan-Tatar search since family is non-gaussian.

## AIC

## BICq equivalent for g in (O.4l9l47940650539, 0.842477608830578)
## Best Model:

## Estimate Std. Error z value Pr(>|z]|)
## (Intercept) -0.5187681581 0.2294865608 -2.260560 0.0237865121
## edible 0.1309190259 0.0355298982 3.684757 0.0002289213
## EaD -0.0006527505 0.0002864895 -2.278444 0.0227001134
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Rock-wallaby: Best BIC model

bestglm(Xy, IC = "BIC", family = binomial)

##

##
##
##
##
##
##
##

o Both the AIC and BIC suggest the optimal model is the one with main

Morgan-Tatar search since family is non-gaussian.

BIC

BICq equivalent for g in (0.419147940650539, 0.842477608830578)
Best Model:

Estimate Std. Error z value Pr(>|z]|)
(Intercept) -0.5187681581 0.2294865608 -2.260560 0.0237865121
edible 0.1309190259 0.0355298982 3.684757 0.0002289213
EaD -0.0006527505 0.0002864895 -2.278444 0.0227001134

effect edible and the interaction term ediblexdistance
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How do we enforce marginality?

e Hardcode
« Hierarchical regularisation, e.g. with hierNet ()

o Let's reframe the problem: consider all main effects and any of the
(3) interaction terms (i.e. no quadratic effects diagonal=FALSE)

o Either weak hierarchy (strong=FALSE; z; + z;Z, o + T122 and
x1 + T2 + 125 allowed, i.e. at least one of the main effects is
present) or strong hierarchy (strong=TRUE; only z; + x5 + 12>
allowed)

library(hierNet)
Xm = X[, 1:5]
Xm=scale(Xm, center = TRUE, scale = TRUE)

fit = hierNet.logistic.path(Xm, y, diagonal=FALSE,
strong=TRUE)

set.seed(9)

fitcv=hierNet.cv(fit,Xm,y,trace=0)

Bien, Taylor, and Tibshirani (2013) 56 / 60



Rock-wallaby: Strong hierarchical Lasso

fitcvSlamhat. lse
## [1] 23.15706

fit.1lse = hierNet.logistic(Xm, y, lam=fitcv$lamhat.1lse,
diagonal = FALSE, strong = TRUE)

print(fit.lse)

## Call:

## hierNet.logistic(x = Xm, y = vy, lam = fitcv$lamhat.lse, diagonal = FALSE,
#H# strong = TRUE)

#H#

## Non-zero coefficients:
#4 (No 1interactions in this model)

H#
H# Main effect
## 1 0.137

57/ 60



Rock-wallaby: Weak hierarchical Lasso model

fit.5 = hierNet.logistic(Xm, y, lam = 5,

diagonal FALSE, strong FALSE)

print(fit.5)

##
##
##
##
##
##
##
##
##
##
##
##
##
##

Call:

hierNet.logistic(x = Xm, y =y, lam = 5, diagonal

Non-zero coefficients:

A WN R

(Rows are predictors with nonzero main effects)

(1st column 1is main effect)

(Next columns are nonzero interactions of row predictor)

(Last column indicates whether hierarchy constraint is tight.)

Main effect 2 3 4 5 Tight?
0.7821 0] 0] 0O 0

-0.0404 0] -0.0511 0 0 *
-0.0618 -0.0511 © O 0

-0.1605 0 0 0 0.0802

FALSE, strong = FALSE)
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