AlCctab Function

AICctab (models,nobs=10,mnames=c ("Null","Spatial", "Seve
s=T,delta=T, logLik=T)

patial*Seven", "Global"),base=T,weight

* Function needs

List of models
° List _of models<-list(modell,model2,model3,model4..)

nobs — number of observations

mnames (options) list of model names for the output
weight (T/F) — include model weights

delta (T/F) — include delta AIC

logLik (T/F) — include log liklihood

Models

» For AIC analyses, models can be just about anything
- Often, these are simple linear models (Im function)

First_model<-lm(response var~predictorl+predictor2)
+ For this assignment, your predictor variable is log_resratio
+ Already log transformed
» Represents each species ratio of stream to reservoir
abundance
* Your assignment is to use AIC to select a parsimonious
model predicting this from species life history traits.

Log_resratio=2.56

Log_resratio=0.0002

Specifying Sample Size in AlCctab

AICctab (models,nobs=10,mnames=c ("Null", "Spatial", "Seven",
=T, delta=T, logLik=T)

patial*Seven", "Global"),base=T,weight

logLik AICc dLogLik dAICc df weight

Global 10.7 -67.1 67.7 0.0 16 1

Seven 2.2 5.6 59.3 72.7 3 <0.001
Spatial*Seven 7.6 54.8 64.6 121.9 7 <0.001
Spatial -25.7 67.5 31.3 134.6 4 <0.001
Null -57.0 119.8 0.0 186.9 2 <0.001

AICctab (models,nobs=29,mnames=c("Null", "Spatial", "Seven", "Spatial*Seven","Global"),base=T,weight
s=T,delta=T, logLik=T)

logLik AICc dLogLik dAICc df weight

Seven 2.2 2.5 59.3 0.0 3 0.69
Spatial*Seven 7.6 4.1 64.6 1.6 7 0.31
Global 10.7 55.9 67.7 53.4 16 <0.001
Spatial -25.7 61.1 31.3 58.6 4 <0.001
Null -57.0 118.5 0.0 116.0 2 <0.001

Not the same in AlCtab function

AICtab (models,nobs=10,mnames=c("Null","Spatial™, "Seven", "Spatial*Seven","Global"), base=T,weights
=T, delta=T, logLik=T)

logLik AIC  dLogLik dAIC df weight
64

Spatial*Seven 7.6 -1.2 6 0.0 7 0.7984
Seven 2.2 1.6 59.3 2.8 3 0.1994
Global 10.7 10.6 67.7 11.8 16 0.0022
Spatial -25.7 59.5 31.3 60.7 4 <0.001
Null -57.0 118.1 0.0 119.3 2 <0.001
AICtab (models, nobs=29,mnames=c ("Null", "Spatial", "Seven", "Spatial*Seven", "Global") base=T,weights

=T, delta=T, logLik=T)

logLik AIC  dLogLik dAIC df weight
64

Spatial*Seven 7.6 -1.2 .6 0.0 7 0.7984
Seven 2.2 1.6 59.3 2.8 3 0.1994
Global 10.7 10.6 67.7 11.8 16 0.0022
Spatial -25.7 59.5 31.3 60.7 4 <0.001
Null -57.0 118.1 0.0 119.3 2 <0.001




If you are using linear models (Im), you may not need to

nobs (integer) number of observations: required for type="BIC" or type="AICc" unless objects
have a nobs method

AICctab (models, nobs=29, mnames=c("Null", "Spatial", "Seven", "Spatial*Seven","Global"),base=T,weight
s=T,delta=T, logLik=T)

logLik AICc dLogLik dAICc df weight
2

Seven .2 2.5 59.3 0.0 3 0.69
Spatial*Seven 7.6 4.1 64.6 1.6 7 0.31
Global 10.7 55.9 67.7 53.4 16 <0.001
Spatial -25.7 61.1 31.3 58.6 4 <0.001
Null -57.0 118.5 0.0 116.0 2 <0.001

> nobs (spatial)
1] 29

AICctab(models,mnames=c("Null","Spatial", "Seven","Spatial*Seven","Global"),base=T,weights=T,delt
a=T, LogLik=T)

logLik AICc dLogLik dAICc df weight
2

Seven .2 2.5 59.3 0.0 3 0.69
Spatial*Seven 7.6 4.1 64.6 1.6 7 0.31
Global 10.7 55.9 67.7 53.4 16 <0.001
Spatial -25.7 61.1 31.3 58.6 4 <0.001
Null -57.0 118.5 0.0 116.0 2 <0.001

Regression Tree Object

em7< 0453 en7os0 453

node), split, n, deviance, yval
* denotes terminal node

1) root 29 86.7551000 1.531342e-17
2) env7< 0.4530161 14 9.0540510 -1.565784e+00
4) env7< 0.2482159 6 0.8007901 -2.356327e+00
5) env7>=0.2482159 8 1.6911960 -9.728763e-01
3) env7>=0.4530161 15 11.3422800 1.461398e+00 o< 02482 | e
6) env7< 0.6909247 7 1.3414610 6.710477e-01
7) env7>=0.6909247 8 1.8022420 2.152955e+00

*

*

on7<06903 | -0 5505

*
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Eror: 0065 GVEror: 0103 SE: 00173
Vector assigning samples to groups

> regtreeS$where

[1] 333333444444446666¢6¢6¢677777777

List of the candidate splits.
Improve = decrease in deviance
Index = where the split is made

Fine Tuning

rpart (response~varl+var2+var3,data=envdata, control=rpart.control(minsplit=15, minbucket=10))

+ minsplit — minimum number of samples in a split (5)
+ minbucket — minimum samples in a terminal bucket (2)

+ surrogatestyle — how to choose splits, penalties for missing
data or missclassifications

* cp — complexity parameter. Degree or required improvement
in group homogeneity (0.01)
= With lower cp, you will grow a larger tree that can be
pruned with cross validation

nurnal of Animal Ecology

A working guide to boosted regression trees

LB, LR Lamv

+ Control of boosting
* Learning rate (shrinkage) —
contribution of each
subsequent tree to overall
model
+ Complexity — number of
nodes and interactions

* Number of trees




» Bag fraction — proportion of samples §
taken to do cross validation H
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