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Abstract

Random decision tree is an ensemble of decision trees.
The feature at any node of a tree in the ensemble is cho-
sen randomly from remaining features. A chosen dis-
crete feature on a decision path cannot be chosen again.
Continuous feature can be chosen multiple times, how-
ever, with a different splitting value each time. Dur-
ing classification, each tree outputs raw posterior prob-
ability. The probabilities from each tree in the en-
semble are averaged as the final posterior probability
estimate. Although remarkably simple and somehow
counter-intuitive, random decision tree has been shown
to be highly accurate under 0-1 loss and cost-sensitive
loss functions. Preliminary explanation of its high ac-
curacy is due to the “error-tolerance” property of prob-
abilistic decision making. Our study has shown that the
actual reason for random tree’s superior performance is
due to its optimal approximation to each example’s true
probability to be a member of a given class.

Introduction

instancex; it is set to 1.0 initially or other real numbers pro-
portional to the probability that is sampled. Whes splits
among multiple paths, the weight is split among different
paths usually proportional to the probability of that path.

x has a missing value at an attribute test and the attribute has
value ‘A" with probability 0.9 and value ‘B’ with probabil-

ity 0.1 in the training datax will be classified by both path
‘Aand path ‘B’ with weights0.9w and0.1w respectively.
Since every path is unique and every possible split is dis-
joint, the sum of all weights at every leaf node is the sum of
the weight of every instance. A leaf is a collection of exam-
ples that may not be classified any further. Ideally, they may
all have one single class, in which case, there is no utility
for further classification. In many cases, they may stilldav
different class labels. They may not be classified any furthe
because either additional feature tests cannot classifgrbe
or the number of examples are so small that fails a given
statistical significance test. In these cases, the prediéti
this leaf node is the majority class or the class label with th
most number of occurrences. Since each path from the root
to a leaf is unique, a decision tree shatters the instance pla

Given an unknown target function = F'(x) and a set of into multiple leaves.
examples of this target functidiix, )}, a classification al-
gorithm constructs an inductive model that approximates th
unknown target function. Each examplés a feature vector

of discrete and continuous values such as age, income, edu-

cation, and salaryy is drawn from a discrete set of values

such as{fraud, nonfraud}. A classification tree or decision ; ; T ;

_ . ; X ples, weighted by their probability. Typical examples afdo
tree is a directed smgle-roo_ted acyclic graph (sr-DQ_A) O functions in data mining are 0-1 loss and cost-sensitive los
dered feature tests. Each internal node of a decision tree g5, o1 loss,L(t,y) = 0if t = y, otherwiseL(t,y) = 1.

is a feature test. Prediction is made at leaf nodes. Deci- g4 ost-sensitive losd, (,y) = c(x, t) if t = y, otherwise

sion trees classify examples by sorting them down thg tree L(t,y) = w(x,y,t). In general, when correctly predicted,
from the root to some leaf node. Each non-leaf node in the L(t’ :y) is only’r(evlated tox and its true labet. When mis-

tree specifies a test of some feature of that example. FOr casified 1, (7, ) is related to the example as well as its true
symbolic or discrete features, each branch descending from 5,0 and the prediction. If the problem is not ill-defined w
the node specifies to one of the possible values of this fea- gynect.(x. 1) < w(x, ¢, y). For many problems, is nonde-
ture. For continuous values, one branch corresponds {0 in- torministic, i.e., ifx is sampled repeatedly, different values
stances with feature value the threshold and another one of ¢t may be given. This is due to various reasons, such as

f< the thriShOId' _D|fferer:1t mstan?eﬁ are clas(s;ﬁedd_by dif- hoise in the data, inadequate feature set, insufficientifeat
erent paths starting at the root of the tree and ending at a ecision or stochastic nature of the problem (i.e., for the

leaf. Eomeljnstances, e.lg.., IWith n;]iSSi.ng ﬁttribu.tehvalfcces € samex, F(x) returns different value at different time). It
may be split among multiple pathsy is the weight of an 5 ;gyally difficult to know or measure apriori if a problem

is deterministic. Without prior knowledge, it is hard to-dis
tinguish noise from stochastic nature of the problem. The

The performance of a decision tree is measured by some
“loss function” specifically designed for different apglic
tions. Given a loss functioi(¢,y) wheret is the true la-
bel andy is the predicted label, an optimal decision tree is
one that minimizes the average lokét,y) for all exam-
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optimal decisiony. for x is the label that minimizes the ex-
pected lossE; (L(t,y.)) for a given examplex whenx is
sampled repeatedly and differefg may be given. For 0-1
loss function, the optimal prediction is the most likely dhb
or the label that appears the most often wiseis sampled
repeatedly. For cost-sensitive loss, the optimal preatids
the one that minimizes the empirical risk.

To choose the optimal decisioa,posteriori probability
is usually required. In decision tree, assume thats the
number or weight of examples with class lakedt a leaf
node, and: is the total number or weight of examples at the
leaf. The rawa posteriori probability can be estimated as

P(elx) = =~ (D)

It is usually NP-hard to find the most accurate deci-
sion tree on a given training data. Most of the practical
techniques is to use “greedy” to approximate the simplest
model with various heuristics. For decision trees, typical
heuristics include information gain (Quinlan 1993), gimi i
dex (Mehta, Agrawal, & Rissanen 1996), Kearns-Mansour
criterion (Kearns & Mansour 1996) among others. After the
model is completely constructed, it is then further simedifi
via pruning with different techniques such as MDL-based
pruning (Mehta, Rissanen, & Agrawal 1995), reduced error
pruning (Quinlan 1993), cost-based pruning (Bradfeiral .
1998), among others. Although no longer NP-hard, most of
these techniques still require significant amount of compu-
tation as well as storage. Most algorithms require multiple
scans of the training data and require data to be held in main
memory.

Random decision tree is proposed in (Fetral. Nov
2003). It is an ensemble of decision trees trained randomly.
When training each tree, the splitting feature at each node
is chosen randomly from any “remaining” features. A cho-
sen discrete feature on a particular decision path (startin
from the root of the tree to the current node) cannot be cho-

a given class. On the reliablity curve, the probability autp

by random tree matches the true probability closely threugh
out the range (between 0 and 1). However, the best single
decision tree (one trained with best spliting criteria sash
information gain) matches well only at points close to githe

0 or 1. In the range around 0.5, single best decision tree
either significantly over-estimates or under-estimates.

Random Decision Tree

The “canonical” form of random decision tree first builds
the structure ofV random decision trees without the data.

It then updates the statistics of each node by scanning the
training examples one by one. The feature set is provided
to construct the structure of the tree. At each node of the
tree, a remaining feature is completely randomly chosen de-
spite of the training data. A discrete feature can be used
only once in a decision path starting from the root of the
tree till the current node. Continuous features can be dis-
cretized and treated as discrete features. Another approac
is to pick a random dividing point (i.es. and> the divid-

ing value) each time that this continuous feature is chosen.
Since a different dividing point is picked whenever a con-
tinuous feature is chosen, it can be used multiple times in
a decision path. After the tree structures are finalized, the
dataset is scanned only once to update the statistics of each
node in every tree. These statistics are simply to track the
number of examples belonging to each class that are “clas-
sified” by each node. These statistics are used to compute
the posteriori probability (Eq. 1). Empty nodes are removed
from the random trees. To classify an example alpeste-

riori probability output from multiple trees are averaged as
the final probability estimate. In order to make a decision, a
loss function is required in order to minimize the expected
loss when the same example is drawn from the universe re-
peatedly. When the number of features are small, generate
empty trees are realistic. However, when the number of fea-

sen again since it is useless to test the same discretedeatur tures are a large, generated empty trees before scanning the

more than once, i.e., each split path will have the same dis-

data can lead to astronomical amount of memory usage. In

crete feature value. However, continuous features can be our implementation, we do not generate a node unless some

chosen multiple times, each time with a different randomly
chosen spliting value. During classification, each tree out
puts raw posterior probability. The probabilities from leac

tree in the ensemble are averaged as the final posterior prob-

ability estimate. Although remarkably simple and somehow
counter-intuitive, random decision tree has been showe to b
highly accurate under both 0-1 loss and cost-sensitive loss
functions. Preliminary explanation provided in (Femal.
Nov 2003) is due to the “error-tolerance” property of proba-
bilistic decision making. Borrowing from (Faet al. Nov
2003), assuming 0-1 loss function and a binary problem.
The probability threshold to predist to be a member of
classy is 0.5, i.e., we predick to be a member of clags
iff P(y|x) > 0.5. Under this situation, an estimated prob-
ability of 0.99 and 0.51 will have exactly the same effect,
predictingx to be a member af, since both 0.99 and 0.51
are higher than the decision threshold of 0.5.

Our study has shown that the actual reason for random
tree’s superior performance is due to its optimal approxima
tion to each example’s true probability to be a member of

example in the training datasets will actually go there. In

other words, we do not generate empty nodes. On average,

we find that a random tree is about 2 to 3 times bigger than

a single best tree when stored in the Linux file system.
According to (Faret al. Nov 2003), the minimal num-

ber of decision trees are 30. That is when thdistribution

is nearly identical to normal distribution. When the distri

bution of the data is extremely skewed, however, it usually

requires a sample size of about 50. They have also discussed

the depth of the tree. One heuristic suggested in @ah

Nov 2003) is to go about half of the number of features,

since that is when the combinations to sample half out of

n items maximizes in order to create diversity. One restric-

tion of the random decision tree as well as other state-®f-th

art decision tree learners (such as c4.5 and dti) is that they

all have a “single feature information gain bias”. In other

words, the data must have features with information gain in-

dividually but not “collectively.” An example to show “sin-

gle feature information gain bias” can be found in (feaal.

Nov 2003).
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Figure 1: donation: reliability plot of best and random tree

Experiment
Data Set

We have chosen three datasets in this study. The first one
is the famous donation dataset that first appeared in KDD-
CUP’98 competition. Suppose that the cost of requesting a
charitable donation from an individual is $0.68, and the
best estimate of the amount thawill donate isY (x). Its
benefit matrix (converse of loss function) is:

predictdonate | predict—donator

actualdonate Y(x) - $.0.68 0

actual-donate -$0.68 0
The accuracy is the total amount of received charity minus
the cost of mailing. Assuming tha{donate|x) is the es-
timated probability thaik is a donor, we will solicit tox
iff p(donate|x) - Y (x) > 0.68. The data has already been
divided into a training set and a test set. The training set co
sists of 95412 records for which it is known whether or not
the person made a donation and how much the donation was.
The test set contains 96367 records for which similar dona-
tion information was not published until after the KDD’'98
competition.

The second data set is a credit card fraud detection
problem. Assuming that there is an overhead €
{$60, $70, $80, $90} to dispute and investigate a fraud and
y(x) is the transaction amount, the following is the benefit
matrix:

predictfraud | predict—fraud
actualfraud y(z)-v 0
actual-fraud -v 0

The accuracy is the sum of recovered frauds minus investiga-
tion costs. Ifp(fraud|x) is the probability thak is a fraud,
fraud is the optimal decision ifp(fraud|x) - y(z) > wv.

The dataset was sampled from a one year period and con-
tains a total of .5M transaction records. The features (20
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Figure 2: adult: reliability plot of best and random tree

in total) record the time of the transaction, merchant type,
merchant location, and past payment and transaction his-
tory summary. We use data of the last month as test data
(40038 examples) and data of previous months as training
data (406009 examples).

The third dataset is the adult dataset from UCI repository.
We use the natural split of training and test sets. The train-
ing set contains 32561 entries and the test set containd1628
records. The feature set contains 14 features that describe
the education, gender, country of origin, martial statap-c
ital gain among others. Each data item indicates if an indi-
vidual earns more than $50K or less.

Decision Tree Learner

The experiments were based on C4.5 release 8 (Quinlan
1993). The single best tree is constructed by running C4.5
with all the default settings. It computes both the unpruned
and pruned decision trees. The random decision tree algo-
rithm is a modified version of C4.5 that does not compute in-
formation gain. It chooses remaining features randongy, i.
discrete feature is chosen only once in a decision path and
continuous feature can be chosen multiple times yet with a
different splitting threshold. After a splitting featureého-

sen, the data items with the same feature values are grouped.
The procedure is run recursively until either the predefined
tree depth is met or the splitted node becomes empty.

Results

Reliability Plot “Reliability plot” shows how reliable the
“score” of a model is in estimating the empirical probalgilit

of an examplex to be a member of a clags To draw a
reliability plot, for each unique score value predicted by t
model, we count how many examples in the data have this
same score (e.@V;), and how many among them have class
labely (e.g.n). Then the empirical class membership prob-
ability is simply 5. Most practical datasets are limited in
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Figure 4: donation: reliability plot of best and random tree
show overfitting of single best tree and “non-overfitting” by

size; some scores may just cover a few number of examples ;1 4om tree

and the empirical class membership probability can be ex-

tremely over or under estimated. To avoid this problem, we

normally divide the range of the score into continuous bins L . o

and compute the empirical probability for examples falling Sets are shown in Figures 2 and 3 respectively (with bin size

into each bin. 100). As we can see clearly that both single best pruned and
The reliability plots for single best tree and random tree UNPruned tree’s posterior probability is far from the ermpir

are shown in Figures 1 to 3. Figure 1 is for the donation cal c_Ia_lss membe_r§h|p probablh_ty,the visual effectis that

dataset. There are 1000 bins of equal size; in other words, EMPirical probability scatters widely around the scoreseal

each bin covers a range of 1.0/1000 = 0.001. Fraxis is and this is particularly true in the mu_j_dle range around 0.5.

the predicted score by the model and ghaxis is the match- However, the random tree’s probability estimates are very

ing empirical class membership probability measured from close to the true empirical probability throughout the veéhol
the data. To visually compare the performance, we also draw range.

the perfect straight line where every score exactly matches -

the true probability. The top two plots are for single best OVerfitting

unpruned decision tree. Since the default pruning procedure  One interesting observation we have found is that random
of C4.5 deems every internal node of the unpruned decision decision tree doesn't overfit the training data at all. Talgtu
tree as statistically insignificant, the pruned decisier tias the effect of overfitting, we have run an additional test that
just one useless node predicting everybody is a non-donor. “trains on thetest data and then predicts on the same test
Since most points are within the range between 0 and 0.35, data” (called “training reliability plot”) and compare fitith

we “enlarged” that area on a separate plot on the immediate the previous results of “training dnain data and test on the
right. As we can see clearly that the single best unpruned test data” (called “testing reliability plot”). The ressilon
tree’s score is like a “cloud” that scatters around the per- donation and adult datasets are shown in Figures 4 and 5.
fect matching line. However, the random decision tree (with  One important point is that the exact training reliabilitptp
depth of 0.5) matches the true probability very well. To sum-  of a single best tree should be the one where every unique
marize these results, we usean square error or MSE to score falls exactly on the “perfect line”. Since the whole 0-
measure how closely the score matches the empirical proba-1 probability range is divided into equal sized bins and we
bility. Assuming that; is the number of examples covered have finite number of examples, there will be some small er-

in bin j, s; is the score or predicted probability apd is rors. Visually, some of the points may not be exactly on the
the empirical probability, thed/ SE — ,/nj.(s:pj){ The perfect line”. However, this is sufficient for comparingsi

j gle best and random tree because they use exactly the same
MSE for single best unpruned tree and random tree are la- bin size.
belled on the top of each reliability plot. The MSE for single As we can see clearly from Figure 4 and 5, for the sin-
bestunprunedtreeis 0.01611 while the MSE for random tree gle best decision tree, there is a big difference between the
is 0.01039. training reliability plot and the testing reliability plofThe

The reliability plots for the adult and credit card fraudalat  training reliability plot on the left becomes much less than
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Figure 5: adult: reliability plot of best and random tree to
show overfitting of single best tree and “non-overfitting” of
random trees

perfect when the same model is tested on a different dataset,

as shown in the testing reliability plot on the right. In the
testing reliability plots, we can see that the “points” arats
tered widely around the perfect line. The MSE for training
and testing on the same dataset is 0.H@Hd MSE for train-

Plot with “points” to show broken ROC curve
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Figure 6: donation: exhaustive ROC plot of best and random
tree

We define “selectivity” to measure how good is an ROC
curve. It takes two facts into account. The first fact is
how uniform it is between consecutive false positive values
When all available false positives spread evenly between 0-
1, the variance between consecutive values will be 0. In

ing and testing on a different dataset is 0.016. On the other ,her words, the lower this variance is, the more evenlyfals

hand, the training and testing reliability plots for the +an

positive values spreads. The second fact is how many unique

dom tree are nearly identical for both the donation and adult {5/ positive values there are. The more unique values ther

datasets.

Selectivity

are, the more choices we can choose from. So we define
selectivity as the followingl = %, wheres is the variance
between consecutive false positive values amslthe num-

ber of unique false positive values.

One important, but often ignored, property of a model is its
“selectivity”. The problem of selectivity comes from thefa We have computed ROC curves for adult and donation
that most models, especially decision trees, can only autpu datasets exhaustively by choosing all unique probabitity v

a discrete set of “unique probability values” since theee ar  U€s in posterior probability output as the decision thrésho
only a limited number of terminal nodes and each node can and record its corresponding false positive and true pesiti
just output one probability value. This fact has a serious rates. Any duplicate entries are removed and the results are
practical consequence. With different threshold valuesg shown in Figures 6 and 7. To show the idea of “selectivity”
will be only a limited number of true positive and false posi- ~ clearly, we plot with “points” rather than “lines” on the two
tive values. When we draw the paired true positive and false top plots. This way, any areas in ROC without false positive
positive values on the ROC curve, we will actually never and true positive rates will be clearly exposed. In each ROC
see a continuous line ranging from (0,0) to (1,1). What we curve, we have also shown the “selectivity” measure as de-
will see is a discrete set of points that are scattered in this fined previously. The “selectivity” problem for single best
range. Any areaithout a point is undefined. Some suggest  decision tree is clearly shown, particularly in the donatio

to draw a line connecting these defined points. However, the dataset. For the donation dataset as shown in Figure 6, the
area connecting the points are undefined; we cannot choosesingle best tree only has 11 broken clusters spread out the
any undefined point since there is actually no value there at range, while the random tree has visually continuous ROC
all. Due to this reason, it is practically not very useful to curve. The selectivity measure is 238 for single unpruned
connect points at all. tree and 23358 for random tree (100 times higher than 238).
As shown in Figure 7, the ROC curves for adult data have
similar phenomenon, but the single best tree’s ROC is not
as broken as that of the donation data. In the bottom part

1The MSE is computed using binning, so it still has a non-zero
value
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Plot with “points” to show broken ROC curve

True Positive Rate
True Positive Rate

Selectivity = 4938 Selectivity = 31726

0
0 01 02 03 04 05 06 07 08 09 1
False Positive Rate

(b) Random Tree Depth=0.5

ol
0 01 02 03 04 05 06 07 08 09 1
False Positive Rate

(a) Best Unpruned Tree

Compare: plot with lines that “connect”

1

breaking points

09
08|
07t
06
05
04

True Positive Rate

03

0.2
01

==
0 01 02 03 04 05 06 07 08 09
False Positive Rate

1

Figure 7: adult: exhaustive ROC plot of best and random
tree

of Figure 6 and Figure 7, we plot the ROC curves of single
best unpruned tree and random tree in the same figure. For
visual clarity, we plot with “lines” to connect broken cusze
Strictly speaking, any points not in the top exhaustive ROC
curve is not defined. This is just to compare the difference in
true positive value for the same false positive value. As we
can see in the ROC curve, for the donation dataset, true pos-
itive of the random tree is mostly the same or slightly higher
than single best unpruned tree for the same false positive
value. For the adult data set, the random tree’s true pesitiv
rate is consistently higher than that of single best unptune
tree.

Related Work

Breiman has proposed the “random forests”
method (Breiman 2001). In random forests, random-
ness is injected by randomly sampling a subset of remaining
features (those not chosen yet by a decision path) and then
choosing the best spliting criteria from this feature stibse
The chosen size of the subset has to be provided by the
user of random forests. However, in random decision tree,
the spliting feature is randomly chosen from any remaining
features not chosen yet in the current decision path. There
is no information gain (or any other criteria) involved in
choosing this feature and when it will be chosen. In other
words, random decision tree doesn’t use any heuristics
to choose feature. The data is used to update the class
distribution in each node. However, in Breiman’s random
forests, information gain or other criteria is still used to
choose the best feature among randomly chosen feature
subsets. This has great impact on the efficiency between
training a random forest or a random tree since computing

any heuristics is expensive. Another important distincto

that Breiman’s random forests performance simple voting
on the final prediction. In other words, each tree votes 1
on one of the class labels. The class labels with the highest
vote is the final prediction. However, random tree, each
tree output raw probability and the probability outputaifro
multiple tree are averaged as the final probability. .

Conclusion

We have extensively studied the posterior probability es-
timation by previously proposed random decision method.
We have found that random decision tree can faithfully esti-
mate the empirical class membership probability. In the sta
tistical reliability curve, the estimated probability kgrdom
decision tree closely matches the empirical class member-
ship probability measured from the data. We also found that
random decision tree’s ability to estimate posterior proba
bility does not overfit at all. The probability reliabilityucve

of the training set is very close to the reliability curve on
a unseen validation or test dataset. We have also studied
the “selectivity” of ROC curve and defined how to measure
“selectivity”. We have found that the ROC curve of random
decision tree is remarkably continuous throughout thegang
Comparing with random decision tree, a single best decision
doesn’'t match the empirical class membership probability
well, overfits on the training data easily, and has broken or
discontinuous ROC curves.
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