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ROBERT STINE

Lecture 8. Classibcation & Regression Trees

Questions from Previous Classes

Reminder: Lab session Thursday

CART trees, recursive partitioning
Algorithm

Example

Partitioning Methods: Trees

Natural hierarchical organization
¥ Biological species Imagine Pnding a logistic regression in a beld guide!
¥ Organizational charts
¥ Decision trees Closest analogy to statistical use of trees.

As a model for data
¥ Find a set of OrulesO that identify homogeneous subsets of cases
¥ Rules replace equations used in regression, logistic regression, and neural networks.
¥ Very fast computation (zillions of variables) and good at Pnding interactions.
¥ Absence of parameters and p-values makes over-ptting a possibility, need for cross-
validation to verify structure (a tuning sample).
Flavors
¥ Classibcation tree (used in examples)

Categorical response, with the objective being to bPnd a set of partitioning rules
that group observations that share a common category.

¥ Regression tree (use in lab next class)

Numerical response, with the objective to bnd rules that group observations that
have a similar value of the response (i.e., low SD within the group)
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Basic Example

Question

¥ How do you think those who did not vote
would have voted? Change outcome?

¥ Drop those missing from the second

wave since missing all FTs for these.

Exclusion

—]

Missing No vote ok

L Frequencies
1500 Level Count
1000 E Missing 221
I 8 No vote 498
[~500 ok 1603
[ Total 2322
N Missing 0
3 Levels

Prob
0.09518
0.21447
0.69035
1.00000

¥ Use 1,603 who voted to predict votes of the 498 who did not. Enough to shift outcome.

¥ Omit post-election FTs (eg, Post FT Obama)

Classibcation tree
¥ Find characteristics of voters who made a common choice in the 2008 election

¥ Small subset of explanatory variables used for illustration

Interpreting the tree
v Start at the top (root nodeE the tree grows like roots rather than branches)

¥ Each split partitions cases into two subsets that are as homogeneous as possible.

¥ First split in example uses Race, with Black and Other separated from the rest

¥ Second split also uses Race, then splits out Whites from South.

¥ Nodes show counts, mix in each subset.

¥ Point plot is a dynamic mosaic plot. Useful to see size of the counts in nodes.

All Rows
[
Count G"2 LogWorth
1564  2216.9785 111.46715
I
I |
R Race(20. Asian, 30. Native R Race(90. Other {SPECIFY}, 10.
American, 40. Hispanic or Black)
Latino, 50. White) I
Count G2
Count G2 LogWorth 448  89.259274
1116 1733.886 21.681792
I
I |
R Race(20. Asian, 30. Native R Race(50. White)
American, 40. Hispanic or
Latino) Count G"2 LogWorth
(] 829 1290.8198  5.8637755
Count G2 |
287  354.90262 | |

Region(3. South)
[

G"2
496.76362

Count
336

Region(4. West, 2. North Central,
l{[1. Northeast)
(|

Count G2
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Growing Trees: the Algorithm

Recursive partitioning
¥ Each step: one recursive, binary split of a leaf node of the current tree.
¥ ORecursiveO implies that once two cases separate, they never come back together.
¥ Greedy

The splitting algorithm is greedy, as in stepwise regression, and may not make the
split that olers the most improvement several steps in the future. (Fancy versions
look ahead several splits to bPnd the best split now for setting up the future.)

¥ Rules that debne each split depend upon whether the split uses a numerical or
categorical variable

Numerical: Split into two groups the current cases in every node at all possible
values c of the explanatory variable based on whether X" c or X > c. Choose the
split that o'ers the most improvement.

Categorical: Consider all possible partitions into two groups of cases within every
current node. If a variable has k levels, then the software consitigpeszible
splits, so donOt try with many levels.

Basic example
¥ Classic data of Fisher on the characteristics of irises (iris.jmp)

50 Rowers from each of 3 species, with 4 variables
(length and width of petal and sepal)
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¥ Colors identify cases from three distinct species.
¥ Where would you split to separate the data into homogenous subsets?
Are split points unique?

Are the splitting variables unique?  (a bit like collinearity in regression)
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¥ Results show the Prst split on petal length, then on petal width.
¥ The brst split nails the setosa cases, leaving a 50/50 mix of the other two in the left node.

The second split almost separates the cases of versicolor from virginica.

All Rows
(Y [
Count G2 Logworth
150 329.58369 57.338633
Level Prob
setosa 0.3333
versicolor  0.3333
7 — virginica 0.3333
6 ’ w, a1 |
1 HE | |
<5 'EER | Petal length>=3.0 Petal length<3.0
> - : I fis.
G4+ vl Count G"2  LogWorth Count G"2
w_] ) 100 138.62944 25.997261 50 0
& 3 Level Prob Level Prob
i setosa 0.0000 setosa 1.0000
27 versicolor ~ 0.5000 versicolor ~ 0.0000
1 virginica 0.5000 virginica 0.0000
T T T T T T T T |
1.0 L5 2.0 2.5 [ |
Petal Width Petal Width<1.8 Petal Width>=1.8
Count G"2 Count G"2
54  33.317509 46  9.6353844
Level Prob Level Prob
setosa 0.0000 setosa 0.0000
versicolor  0.9074 versicolor  0.0217
virginica 0.0926 virginica 0.9783

¥ Would there be a benebt in continuing further?
¥ What happens if you keep splitting these data?

Criteria for Splitting

Classibcation error rate

¥ You have to decide how to use the probabilities to classify the observations, pick a
threshold. For example, for what probabilities would you classify a voter as tending to
Obama: 0.5, 0.6, 0.9?

Log likelihood and G = 2
¥ G?is the contribution to -2 log-likelihood produced by the leaves in the tree. Recall
that -2 log-likelihood is the residual SS in an OLS regression.

¥ In the tree above, the prst split gets all setosa in one node. This leaf classibes (in
sample) perfectly, so it contributes nothing to the lack of ¥t @. The other node
has G # 138.6.

¥ The second split lowers that total to?@ 33.3+9.6 = 42.9. Further splits lowef G
more, but very gradually.
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Limitations

Split parallel to an axis

¥ The splits provided by JMPOs partition function
are parallel to the axes debPned by the variables

used in the modeling.

¥ How will partition split these data?

(hard_split.jmp)

¥ What variable could we debne that would make
the split work perfectly?

¥ Some implementations of trees allow the softwa

to build more variables for splitting, such as

various linear combinations.

Over-ptting
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¥ Algorithm explores many possible splits, potential to over-pt.

¥ Cross-validation needed since the splits do not come with a p-value.

Recursive, greedy

¥ Once observations are split, they cannot be recombined into a homogeneous group.

The splits remain once in place. Greedy splits might miss a useful later variable.

Discrete bt

¥ Suppose that P(Obama) grows linearly with the
(simulated data)
¥ Tree has problem and produces a sequence of

variable X

many, many breaks. (linear_trend.jmp) Tree must

divide range of X into many bins to describe the
gradually increasing probability. Some become tq

small.

¥ Lots of splits on same variable suggest trend.
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Application to NES Data

Classify those who did not vote

¥ Present in both survey waves, but reported not voting.

v Build classibcation tree for variable OVote for Obama?0, then classify non-voters.

¥ Compare results of several models Friday (stepwise, logistic, neural network, tree)

Build tree

¥ Use the data ble with the 1,603 voters (anes_2008_voters).

¥ Explanatory variables include Region E Torture. Trees run fast, so we can
accommodate many, many explanatory variables. Just avoid State!

¥ Cross-validate, using 800 randomly selected cases to bt the tree

¥ Software automatically handles missing values of predictors (see JMP docs for details)
Randomly assigns case to a node or based on the response.

¥ Results after 3 splits show no evidence of over-pttihig{§ample = 33% compared to

31% out of sample.) Splits only using FTs. Splits in second level suggest collinearity or
perhaps some subtlety?

¥ Too bad that it cannot merge the
similar leaves back together |

o)

Vote for Obama'

All Rows
|
1.00 Count G2 LogWorth
800 1038.3688 125.07971

075 4.0 .

o

o

o
1

025 . ¢

: 2| other [

T Pre FT Obama<65 Pre FT Obama>=65
[
Count G~2  LogWorth Count G*2  LogWorth
339  386.1278 30.311501 461 221.93598 10.822387

Obama

0.00

:
. M

Pre FT McCain>=52

Pre F:r McCain>=5 |Pre FT M|Pre|

Pre FT Bush<70

—

Pre FT McCain<52

Pre FT Bush>=70 Pre FT Bush<70
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Count G"2 Count Count G2 Count G"2
Pre PT Obama<6gan<s ||_| Pre FT Obama>=65 233 136.44417 106 139.46247 42 55.820389 419 122.6937
2 B Rows
h>
Number
RSquare N  of Splits  Imputes
¥ Starts to over-pt after about 10 splits. Included 0.772 800 20 66
Excluded 0.458 740

¥ OGoO button stops when the out-of-sample

bt starts to go down. Picks the tree with ~_SPlit History
the best performance in validation. 1.00
¥ Imputes is a method for handling missing| , %™ ] IS
data incorporated into the partition S 050 s s XXX
algorithm. &
. i _ 0.25
¥ Big tree is on the following page.
0.00 . . . . :
¥ Tree Pnds an interaction when a variable 0 . fSllq 15
shows up on one branch, but not another umber of Spits

Excluded in Red
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All Rows
Pre FT Obama
<65 >=65
Pre FT McCain Pre FT Bush!
>=52 <52 [>=70 | [<70 |
Pre FT Dem Party [Pre FT Obama |[Pre FT Obama]| |[Pre FT Dem Party |
) >=50 <55 [>=s5 | [w][>=e5_] [<75 | o
v [Afraid of Obama, pre Parly ID,pre |FTosrael| | ¥]|[Region] |Pre FT Rush Tim | )
l A
2 5. No 2. Republican, 5. No preference {VOL}, 3. Independent 1. Democrat 2lls Bl s o ||<40
> Pre FT Pain| FT Congress R Born Again,pre (K3 23 3 ||[Afraid of Obama, pre
< A Zlle A
o
[>=70 <70 >=40 glle glle
|[©wn Stock, Pre]||[R Owns Gun,pre || V ||[Hopeful About Obama, pre s s
< <

5. No g
[t]

; :
o

<~

nor oppose

Classibcation results
¥ Decided to use the tree with 8 splits (the splits after 5 made sense to me).

¥ How do we predict new cases using a tree? 50% Obama? 60% Obama?
Software uses majority vote: cases that land in a leaf are classibed according to the

Omajority voteO for that leaf.
¥ Save the prediction formula from the tree. Look at the formula to see how it works.
The formula computes the estimated probability of the indicated label.

¥ Predict cases who are in the second wave, but reported not voting. Do this by pasting
the formula back into the anes_2008 ble that has the non-voters. (498 did not vote)

¥ Organize results by Exclusion variable (voted, did not vote, missing from second wave)
¥ Note: these results are NOT weighted and rel3ect over-sampling

¥ Confusion matrix among those who voted.
Sensitivity and specibcity are both about 90%.

Predicted Choice (tree)
Count Other Predict

Row % Obama
% Obama 110 901 1011
o) 10.88 89.12
& Other 513 51 564
o 90.96 9.04
9 623 952/ 1575
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Voted!! ! ! I Predict 952/1575 for Obama, 60%
[ L 400 Moments
-3oo§ Mean
-200 S Std Dev
L 100 Std Err Mean
0 Upper 95% Mean
rrr 1 rr @ r>rrTrrvrrrr ot o
001 03 05 07 091 Lower 95% Mean
N
Did not vote! ! ! 256/471, 54%
1 Liso Moments
i = Mean
i 100 § Std Dev
-50 Std Err Mean
n [ Upper 95% Mean
rrrrrrrrtrtrtr ettt
001 03 05 07 09 1 hower%% Mean
Missing from second wave! 125/210, 60%
[l 60 Moments
:40 € Mean
— 8 Std Dev
” 20 Std Err Mean
11 [ Upper 95% Mean
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Lower 95% Mean
N
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0.6444899
0.4058358
0.0102261
0.6645481
0.6244317

1575

0.6616105
0.3277765
0.0151031
0.6912885
0.6319324
471

0.6675184

0.3690103

0.0254641

0.7177179

0.617319
210
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