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Abstract tive learner produces a modgl = f(x) to approximate
the true functionF'(x). Usually, there existx such that
Inductive learning searches an optimal hypothesis that y # ¢. In order to compare performance, we introduce a
minimizes a given loss function. It is usually assumed thatloss function. Given a loss functioh(¢, y) wheret is the
the simplest hypothesis that fits the data is the best approxtrue label andy is the predicted label, an optimal model
imate to an optimal hypothesis. Since finding the simplestis one that minimizes the average Idsg, y) for all exam-
hypothesis is NP-hard for most representations, we gener-ples, weighted by their probability. Typical examples afdo
ally employ various heuristics to search its closest match. functions in data mining are 0-1 loss and cost-sensitive los
Computing these heuristics incurs significant cost, making For many problems, is nondeterministic, i.e., ik is sam-
learning inefficient and unscalable for large dataset. Ia th pled repeatedly, different values bimay be given. The op-
same time, it is still questionable if the simplest hypothe- timal decisiony. for x is the label that minimizes the ex-
sis is indeed the closest approximate to the optimal model.pected lossE; (L(t,y.)) for a given examplex whenx is
Recent success of combining multiple models, such as bagsampled repeatedly and differerg may be given. For 0-1
ging, boosting and meta-learning, has greatly improved the loss function, the optimal prediction is the most likely la-
accuracy of the simplest hypothesis, providing a strong ar- bel or the label that appears the most often wkes sam-
gument against the optimality of the simplest hypothesis.pled repeatedly. For cost-sensitive loss, the optimalipred
However, computing these combined hypotheses incurs sigtion is the one that minimizes the empirical risk. In order to
nificantly higher cost. In this paper, we first advert that as make the optimal decision, it is generally agreed thpbs-
long as the error of a hypothesis on each example is within terior probability P;(y|x) for examplex to be of clasg is
arange dictated by a given loss function, it can still be opti needed.
mal. Contrary to common beliefs, we propose a completely ) o
random decision tree algorithm that achieves much higher Simple Best HypothesisThere has been significant
accuracy than the single best hypothesis and is compara-2mount of work in machine learning and data min-

ble to boosted or bagged multiple best hypotheses. The adiNg t0 compute “an” (as distinguished from “the”) optimal
vantage of multiple random tree is its training efficiency as M0del. One major interest is on simple hypothesis. Accord-
well as minimal memory requirement. ing to Occam’s razor, we prefer the simplest hypothesis

that fits the data (or “ single best hypothesis”). For exam-
ple, in decision tree construction [12, 4], a decision tree
with fewer number of nodes that fits the data is usually pre-
1. Introduction ferred. For a chosen model representation and a formal def-
inition of “simplicity,” it is usually NP-hard to find the
Inductive learning has wide applications in many differ- simplest hypothesis that fits the data. Most of the practi-
entfields. Extensive research has been conducted in the pagfal techniques is to use “greedy” to approximate the sim-
2 decades to improve the accuracy of the model. We haveplest model with various heuristics. For decision tree,
found that most of the previously proposed inductive learn- typical heuristics include information gain [12], gini in-
ing approaches, computing either the simplest model thatdex [10], Kearns-Mansour criterion [9] among others.
fits the data or combining multiple hypotheses, may be way After the model is completely constructed, it is then fur-
too complicated and too costly beyond necessity if mini- ther simplified via pruning with different techniques
mizing a given loss function is the only purpose. such as MDL-based pruning [11], reduced error prun-

Optimal Model For a target function = F(x), givena  ing[12], cost-based pruning [2], among others.
training set of sizen, {(x1,t1),...,(Xn,tn))}, @an induc- Although no longer NP-hard, most of these techniques



still require significant amount of computation as well as structure of the tree is only dependent on the order that the
storage. Most algorithms require multiple scans of thetrai  features are randomly chosen, and is completely indepen-
ing data and require data to be held in main memory. For ex-dent from the training data. After the structure of the teee i
ample, to compute information gain of every untested fea- built, we use the training data to update the statistics dfiea
ture at each internal node of a decision tree, a brute forcenode. Each node records the number of examples of differ-
decision tree learner either has to group data items accordent classes that are “classified” through that node. The pro-
ing to discrete feature value or sort them for continuous cess is similar to classifying with a decision tree. Sinaghea
features. After a feature is chosen, the subset of data atata item can be read once to update multiple random trees
the node has to be split into multiple subsets. There haveone by one, the update process requires only one complete
been later proposals to improve the efficiency and scalabil-scan of the data. To classify an examglethe probability

ity of decision tree learning [13, 10, 8]. However, thes@isol  outputs from multiple random trees are averaged as an esti-
tions employ rather sophisticated indexing and hashing dat mate toP;(y|x).

structures and do not completely solve the problems. In the

same time, it is still questionable about the true accurdcy 0 2 Random Decision Tree

the simplest model; it is now a general consensus that the

pruned decision tree is not necessarily better than the un-  The “strawman” version of random decision tree algo-
pruned decision tree. One well cited example is the KDD- yithm is summarized in Algorithm 1. It first builds the struc-
CUP'98 donation dataset; the pruned decision tree will not yre of N’ random decision trees without the data. It then up-
solicit to any people and consequently will not receive any dates the statistics of each node by scanning the training ex

donation [15]. amples one by one. The feature ¥et= {Fy,...,F} is
Combining Multiple Hypotheses Apart from model com- ~ Provided to construct the structure of the tree. For discret
prehensibility and simplicity, it is doubtful whether the e~ feature,7; = {di,...,dy} is a list of valid values. For

forts to look for the simplest model that fits the data is in- ConvenienceZ;(x) denotes the value of featusg of ex-
deed worthwhile just from accuracy point of view, given the @mplex. For continuous feature, we either use discretiza-
fact that searching this model compromises learning effi- ion or randomly pick a dividing point (i.e< and > as
ciency and scalability. In [6], Domingos criticized one com the testing condition). For illustration purpose, we use di
mon notion of Occam’s razor, “Simplicity leads to better Cretization in the description of the algorithm. When clas-
accuracy.” Empirical studies [14] have also shown that the Sifying an examplex, the probability outputs from multiple
simplest tree is not the best. The most evident supporting re Fandom trees are averaged to estinggg@sterioriprobabil-
sults are the success of bagging [3],boosting [7] and meta-ity- The loss function is required to make the decision.
learning [5]. Besides improved accuracy, one biggest prob-  To handle missing values in the training data, each ex-

lem for the family of complicated hypotheses is the learn- amplex is assigned an initial weight ab = 1.0. When
ing efficiency. missing feature value is encountered, the current weight of

. x is distributed across its children nodes. If the prior distr

The Problem In summary, the observation we have found p,tjon of known values are given, the weight is distributed
is that: in proportion to this distribution. Otherwise, it is equedli-

Most of the previously proposed inductive learning ap- yided among the children nodes. The tree can grow up to
proaches, computing either the simplest model that fits thethe full number of features and the exact depth can be lim-
data or combining multiple hypotheses, may be way t00jted by a given parameter in tree growth. The structure of
complicated and too costly beyond necessity. the tree can be simplified after training. We can remove all

There exist multiple optimal models for a given loss emptynodes (i.e., nodes with no examples) and their de-
function. To minimize a given loss function, in fact, it is scendents without changing the logic of the tree. There may
not necessary to have the true probabiffiyy|x) as long  be practical reasons to keep these empty nodes. For exam-
as the estimated probabilify(y|x) is within a tolerable er-  ple, if the same tree structure will be reused for new dataset

ror range of the true value. For a two-class problem, assumesuch as streaming data, temporary empty nodes should be
that the true probability fox to be of clasg is 0.9. An in- kept.

accurate estimate gfy|x) to be 0.51 will have exactly the

optimal prediction under 0-1 loss function. Single Feature Information Gain Bias of Decision

Trees To the best of our knowledge, state-of-the-art de-
The Solution We propose a multiple random decision tree cision algorithms (such as Ross Quinlan’'s C4.5 and
algorithm. The algorithm works as follows. At each level Christian Borgelt's dti among others) use a “sim-
of the tree, a non-tested feature is “randomly” chosen with- ple feature” information gain bias. The algorithm
out using any training data. The tree construction stops asgrows a treeif and only if there is at least one fea-
soon as the depth of the tree exceeds a predefined limit. Theure that has information gain. For the following example,



TRAIN (S, X, N)
Data :training setS = {(x1,%1),...,(Xn,tn)}, set of

featuresX = {F1,...,F}. Fis a feature descrip-

tor. N is the number of random decision trees.
Result : N random tree§T1,...,Tn}
begin
for i € {1,...,N} do
BuildTreeStructurel;, X);
end
for (x,t) €S do
for € {1,...,N}do
UpdateStatistics(; , (x, t));
end
end
return {T1,...,Tn}
end

BuildTreeStructurel’,X’)
begin
if X = then
make the node as leaf;

end
else
randomly choose featutg;

F is the testing feature at current node;
FeatureF hasm valid values{d; };
constructm children nodesy;, for each valid valuel;;
for j € {1,...,m} do
BuildTreeStructure(; , X — {F});
end
end
end

UpdateStatistics(, (x,t))
begin
n|[t] keeps the number of examples with class label
nlt] < n[t] + 1;
if the node is a not a ledhen
d is the value of the node’s testing featufg i.e.,d =
F(x);
n is the corresponding child node for the feature value
UpdateStatistics(, (x, t));
end
end

CLASSIFY({T1,...,Tx}, %)
begin

For treeT;, P;(y|x) = % wheren][y] is the count at
ny

y
the leaf node that finally reaches to;
return % Zf\rzl P;(y|x) for all class labely;
end

Algorithm 1: Random decision tree algorithm

i fo label
0 O |F
0O 1 |T
1 0 (T
1 1 |F

Neither fi; nor f» carries information gaiindependently
Only when they are examinefbintly, they are predic-
tive. State-of-the-art decision tree algorithms that ardy-

3. Analysis

We first discuss the heuristics to choose tree depth as
well as the number of trees, then discuss the training cost
and memory requirement.

Heuristics to choose tree depthThe main reason for mul-
tiple random trees is to create diversity. However, when the
random trees are too deep, the diversity may actually re-
duce. In the extreme case, there may be no diversity at all.
When the random trees are generated to the depth of the
complete feature set, it is very likely that they are equiva-
lent to rote learning and every random tree is virtually the
same. The simplest rote learning is to group data items with
exactly the same feature values together and use the most
frequent class as the prediction. If a fully-generated oamd
tree have no empty nodes, in other words, all the nodes or
feature tests in every path has supporting examples, it will
degenerate into rote learning. Rote learning tests every fe
ture of an example and a full depth tree with no empty nodes
essentially does the same. When every feature is tested, the
sequence of how they are tested are no longer significant.
We decide the depth of tree using combinatorics. As-
sume that there ark features in total and is the number
of feature testsC} is the number of unique ways to create
i feature testsC} = #’_1), is the number of unique com-
binations to sampléitems with replacement from a popu-
lation of k. Since each tested feature cannot be used again,
we actually sample features with replacement. For exam-
ple, when there are 4 features, there @fe = 6 unique
ways to test 2 different featureS; peaks at = g When
we limit the random tree’s depth to ng i.e., the depth of
tree is half of the number of features, we create the most di-
versity.

Tree Depth:g (1)

Heuristics to choose the number of treesSince each tree

is constructed randomly, it is in effect a random sample
from a population of trees of a given depth. The averag-
ing of multiple trees is to approximate the true mean of a
large sample. When each feature is binary, the population
size is25. We recast the random decision tree algorithm as
a statistical sampling problem. The average probability is
the sample mean usiny trees. The problem is to decide if

it is worthwhile to have larger samples, i.e., more random
trees. Statistically, it is found that, quite surprisinglyran-
dom sample as small 8§ = 10 gives very good result.
WhenN > 30, the sample’s mean (i.e., average probabil-

siders one feature at a time will compute a default model ity in our case) usually has small error with at least 99.7%

that always predicts eithef or F. The empirical rea-

confidence. Because of the “error-tolerance” property in op

son is that the computation of combined features involvestimal decision makingN = 10 is probably sufficient for
combinatorial explosion and is intractable. The pro- mostapplications.

posed random decision algorithm has the same “single

feature information gain bias”.

We analyze the effect of the algorithm for thverst case
scenario to derive the lower bound of thenfidencethat



multiple random tree is the optimal model. The worst case multiple random trees and one data item at any given time.
is a dataset that has only one relevant feature. All remain-Since the random trees are iso-depth, one can construct one
ing k — 1 features are irrelevant. This is the worst case be- random tree from the data dictionary to measure its mem-
cause the single best tree will ignore all irrelevant featur ory requirement and multiple by the total number of trees
and chooses the single relevant feature, resulting in an opto compute the total memory requirement. In rare cases that
timal model. However, the random tree may use all but the the limited memory cannot hold multiple trees simultane-
relevant feature. We derive the number of random tré8s ( ously, multiple trees can be computed from multiple scans.
needed to ensure its optimality with confidencePlease  Learning a single best tree may not even be possible since
note that the example in Section 2 is not a worst case. Wherit requires the entire data to be held in main memory.

there is no “single” feature that has information gain inde-

pendently, none of the state-of-the-art decision treentar 4 Experiment

(eg. C4.5 and dti) that considers one feature at a time will

be able to compute a correct model. Since the random decision tree algorithm is contrary to
Thea posterioriprobability estimate by any number of  common beliefs, the biggest concern is on its actual accu-
irrelevant features approximates the default probabitity  racy. We use both 0-1 loss and cost-sensitive loss functions
the training data. If at least one random tree uses the onlytg evaluate its performance. We compare its accuracy with
good feature to classify, the averaged probability will be  the single best unpruned and pruned decision trees, bagging
better than the default probability. The averaged probabil poosting, meta-learning, MetaCost as well as decisios tree
ity may not be the same as the probability output of the sin- with calibrated probability, i.e., Laplace smoothing, til¢
gle best tree. However, due to the error-tolerance property ment and their combination. We also study the effect of ap-
it may not make a difference. Since every feature is cho- plying various calibrated probability methods to smooth th
sen equally during tree construction, it has the same probaprobability estimates of random trees. We varied both the
bility to appear in a decision path from the root to the leaf. number of random trees and the depth of each tree simulta-
Therefore, the probability for one feature to appear in a de- neously to study the change in its performance. We recorded
cision path isp = ;. Considering allV random trees, the  the size of each tree and the size of the training set. We also
probability for at least one path to test the only relevaatfe  generated an artificial dataset with only one good feature

ture is at least and allk — 1 remaining features are irrelevant. We count the
_ 1.y probability that the random trees are the optimal model as a
Confidence Lower Boungi(k, N) =1— (1 — )" (2)  function of the number of trees.

Data Sets We have carefully selected three datasets from
real world applications. The first one is the famous dona-

d:])(rjn ?;C'S\;\?rl ttree 'Sngp:i'mnatlh-rthtﬁ p(;ob;al;nl:}ty e;sr:m}adtﬁfls; tion dataset that first appeared in KDDCUP’98 competi-
under the worst assumption that the decision path o € tion. Suppose that the cost of requesting a charitable do-

ent trees is completely independent. However they may benation from an individuak is $0.68, and the best estimate

pi;gglt%iioz,ﬂagzdh?ur?;?ttqh:nffﬁéu;ﬁg\?éu:;ggfeaﬁuarlac of the amount thak will donate isY'(x). Its benefit ma-
b Y 9 -np trix (converse of loss function) is:

tice, when therel are a large numper of features, the feature predictdonate | predict—donator
sets should be filtered to remove irrelevant features. Pleas

e that Ea(2) d + contradict Ea(1). In th ‘ actualdonate Y(x) - $.0.68 0
note that Eq(2) does not contradict Eq(1). In the worst case actual=donate ~$0.68 0

gssumptlon_of Eq(2), the optimal deC'S'Or? |s_the_pred|c- The accuracy is the total amount of received charity minus
tion by the single relevant feature. Under this situatiose t the cost of mailing. Assuming thai(donate|x) is the es-

depth is no longer important. This is because as long as the[imated probability thak is a donor, we will solicit tox

single relevant feature appears in a decision path of arbi—“._f p(donate|x) - Y (x) > 0.68. The data has already been

trary length, a random tree will make the optimal decision. divided into a training set and a test set. The training set
Training Cost and Memory Requirement The training consists of 95412 records for which it is known whether

cost comes from updating the statistics in each node. Thisor not the person made a donation and how much the do-
is similar to classifying a dataset. The main overhead comesnation was. The test set contains 96367 records for which
from scanning the training data. The algorithm can be eas-similar donation information was not published until after

ily implemented to update multiple random trees from one the KDD’98 competition. We used the standard training/test
complete data scan. For realistic problems, the multiple ra  set splits to compare with previous results. The feature sub
dom trees can be held entirely in main memory, and all up- sets (7 features in total) were based on the KDD’98 win-

dates are done in main memory. Since there is no utility ning submission. To estimate the donation amount, we em-
to keep a data record afterwards, we only need to keep theployed the multiple linear regression method. As suggested

In other words, with confidence of at leagk, V), the ran-




in [15], to avoid over estimation, we only used those contri-
butions between $0 and $50.

The second data set is a credit card fraud detec- s
tion problem. Assuming that there is an overhead
v € {$60, $70, $80, $90} to dispute and investigate a fraud
andy(x) is the transaction amount, the following is the ben-

15000

14000 ff ¢

Total benefits

13500

efit matrix: _ _ 13000 |
predictfraud | predict—fraud
actua'fraud y(l’)"l) 0 0T 20 a0 40 50 0 70 80 s0 100
Number of random decision trees

actual-fraud -v 0
_The accuracy is the sum of reco_vered frauds minus Model Total Benefits
investigation costs. If p(fraud|x) is the probabil- pruned $0
ity that x is a fraud, fraud is the optimal decision iff ggﬁé‘r’;‘;g 3;1124547274-691
p(fraud|x) - y(z) > v. The dataset was sampled from 10random tree||  $14567

a one year period and contains a total of .5M trans-
action records. The features (20 in total) record the
time of the transaction, merchant type, merchant loca-
tion, and past payment and transaction history summary.
We use data of the last month as test data (40038 exam- e
ples) and data of previous months as training data (406009 oo
examples).
The third dataset is the adult dataset from UCI reposi¢ " - ]y
tory. We artificially associate a benefit of $1$10to class 3~
labelF and a fixed benefit of $1 to class lald&las summa-

Figure 1. Random Tree on Donation Dataset

500000

Total Benefit

500000 400000

400000 300000

rlzed beIOW: . . 300000 200000
predictF | predictN I e o docion s P e ataniom oo
actualF | $1~ $10 0 :
actualN 0 51 Model Total Benefits
) 1 $60 $70 $80 $90

We use the natural split of training and test sets, so the [ pruned $810115 | $760256 | $728482| $694955
results can be easily duplicated. The training set contains “”IF?t:U”te‘é gggiggg ggé‘l‘gﬁ i%‘;ggg iggzggi

. . callorate
32561 entries and the test set contains 16281 records. The | g andom tree|| $830431 | $779410 | $751455| $712314

feature set contains 14 features that describe the edocatio . .
gender, country of origin, martial status, capital gain amo Figure 2. Random Tree on Credit Card
others.

Decision Tree Learner The experiments were based on gjon tree. We have also plotted two baselines in the same fig-
C4.5 release 8 [12]. The single best tree is constructed by,ye a5 a comparison. The first baseline, show as the straight

running C4.5 with all the defaqlt.settings. It computes both line in the bottom, is the total benefits (=$12577.61) of the
the unpruned and pruned decision trees. The random deCigjnge unpruned decision tree. The second baseline, shown
sion tree aIgo_nthm is a mod_lfled version of C4.5 that does ¢ the straight line at the top of the figure, is the total ben-
not compute_mformatlon_ gain and constructs the structure og; (=$14424.9) of the best calibrated probability methods
of the tree prior to scanning the data. We experimented with Laplace smoothing, curtailment as
Accuracy Comparison Since random decision tree may well as curtailment plus smoothing [15]. The best calitatate
introduce large variation in accuracy, we run each test 5method for donation dataset is curtailment plus smoothing.
times. For each test, up to 100 random trees are constructedl he detailed numbers are summarized in the table of Fig-
The results are plotted and summarized in Figures 1 to 3.ure 1. We compare the results of 10 random trees (averaged
We use the term accuracy to mean number of correctly pre-over 5 test runs) with the single-best unpruned tree, pruned
dicted examples for 0-1 loss and total benefits for cost- tree as well as unpruned tree with calibrated probability ou
sensitive loss. put.

The result for the donation dataset is shown in Figure 1.  There are several important observations. First, when the
A pruned decision tree by C4.5 has only one default rule number of random trees exceeds 10, the average total ben-
that says no one is a donor, and will not send any solicita- efits of the random tree algorithm is more than that of the
tion. Therefore, it will not receive any donation. In Figure  best method. The average total benefits of 10 random trees
we plot the total benefits of all 5 test runs of random deci- is $14567, but the best single decision tree method (un-



Accuracy 14200 Py —— 45000 P —
Model C(F)=l C(F)=10 é 14000 44000 °
pruned 13996 43277 3 1000 43000
unpruned 13733 | 41710 g 100 £ o
calibrated 13733 42127 £ 13000 3
10 random tree|| 13966.2 | 44137.8
Figure 3. Random Tree on Adult Dataset

12600 38000
01 02 03 04 05 06 07 08 09 1 01 02 03 04 05 06 07 08 09 1

Ratio of Attributes Ratio of Attributes

pruned decision tree with “curtailment plus smoothing”) is Figure 4. Tree Depth and Accuracy on Adult
$14424.9. Comparing the result of unpruned single besttree Dataset
with random decision tree, the unpruned single best tree re-
ceives a donation of only $12577.61. The random method
receives approximately $2000 more in donation. Another
important observation is that the accuracy of the random ol
trees increases significantly when the number of trees grows 14600 [
from 1 to 10 and starts to stabilize after 10. It starts to fluc- oo |
tuate after 10, but most of them are still higher than the best 000 |
single decision tree method. e
The results on credit card fraud dataset are shown in Fig- .
ure 2. We plot the total benefits with increasing number of 13000
decision trees when the overhead is either $60 or $90. The TS0 s w0 s W
plots for overhead $70 and $80 are similar. As a compari- . o T
son baseline, we also plot the total benefits of the unpruned  Figure 5. Curtailment on Random Trees - Do-
decision tree (the straight line in the bottom) and pruned hation Dataset
decision tree (the one at the top). The phenomenon is simi-
lar to the donation dataset. The total benefits of 10 random .
trees significantly exceed the best of the single model meth-9'Ns t© drop afterwards.
ods. As a summary, the total benefits of the 10 random treesCalibration on Random Trees Previous studies have
is about $20000 to $30000 or 2.5% to 3% higher than the shown that curtailment is the most effective proba-
corresponding best single classifier method. As shown inbility calibration method. Curtailment stops searching
the table of Figure 2, the best single classifier method is ei-down the tree if the number of examples in the cur-
ther the pruned single decision tree or unpruned tree withrent node is less tham. m is set as 100 in our experi-
calibrated probability. Similar to the donation datasdtew ments. Our results have shown that curtailment has no ef-
there are more than 10 random trees, the total benefits ofect on the accuracy for random decision trees on adult
multiple random trees stabilize. Computing more random and credit card dataset, but it is detrimental to dona-
trees doesn’t produce a more accurate model. tion dataset. The total benefits is reduced by about $100
The results on the adult dataset is shown in Figure 3. We$800 for different number of random trees as shown in Fig-
only show the result for both 0-1 loss (efF’) = 1) and ure 5.

cost-sensitive Iqss WheriF) = 10. The phenor.ne.non for Boosting, Bagging, Meta-learning and MetaCostAs a
other loss functions, i.e(F) = 2,...,9, are similar. In - gy,4y of accuracy, we compared multiple random decision
summary, the random tree significantly improves the accu-ees to boosting, bagging, meta-learning as well as Meta-
racy of the best single classifier method and its accuraey sta c gt However, it is important to emphasize that none of
bilizes when the number of trees is more than 10. boosting, bagging and MetaCost are scalable methods. The
Depth of Random Decision TreesWe have discussed in  comparison with boosting, bagging and MetaCost is only
Section 3 that the optimal depth of random tree is half the limited to accuracy without efficiency and memory con-
number of features. We have varied the depth of the treecerns. Meta-learning scans the complete training set ap-
from 10% up to the full tree with 10% increment. The re- proximately twice, but the proposed random tree scans the
sults on adult datasets are shown in Figure 4. The resultslata subset exactly once.

closely confirms our theoretical analysis that when the tree  We have applied boosting and bagging to both single best
depth is half of the features, the accuracy is the highest. As(pruned and unpruned) tree and single random decision tree.
we can see from the plots, the accuracy starts to increasé\e applied the advanced version of AdaBoost that uses the
when the tree depth increases from 10% to 50% of the to-numerical estimation and continuous predictive confidence
tal number of features, peaks around 58%60% and be-  For meta-learning, we divided the training data into 8 sub-

Curtailment
.. Originét.

Total Benefits




correctly predicted examples

s

£
2

Badeed BSstPrinea Thee L300 oo B DataSet Training Size | Tree Size || Ratio
R donation 2766942 2233 1239
14000 |.. Seogeq Rendom Tree = £ 100 Boost Best Unpruned Tree = credit card 27005476 18573 1454
13800 j """ R H adult 3466402 188945 18

w1 Table 1. Memory Requirement

13400 ||

13200 |

B T e w m s w0 0w w w e w w w w  Memory Requirement We measure the size of a decision
_ e o e tree from the size of its stored file in the file system. Itis a
Elagtg;eetts(b r%g?%t]! rl‘g nggs ?sa?r?emsgan?g aps‘dtLrj]Iet good estimate for the tree kept in main memory. The data
9 size is the file size of the training data stored in the file sys-
curves) . . - '
tem. In Table 1, we list the size of the training data, the size
of one single random tree (the depth is half of the number
of features), and their ratio (closet smaller integer). ther
credit card and donation dataset, the same amount of mem-
ory to hold the complete dataset can hold more than 1200
random trees. Computing multiple random trees has signif-
icantly less memory requirement but can achieve higher ac-
rounds and the y-axis is the number of correctly predicted curac))//. For the adlillt dgta set, the same amount of?‘nemory

e?;a'rynﬁles. Tr:je y%_z?]xisl s}tar'is ffomh 13000| in ;)tr)der to “mag- to hold the training data can hold at least 18 random trees.
nity” the trgn s. The left plot is the result of bagging an Computing 10 random trees is sufficient. It still results in
meta-learning. Only bagged best pruned tree after 10 roundabout 50% less memory requirement

exceeds the accuracy of 10 random trees by arB ex- o ) ) _
amples (out of 16281) . The other 3 bagged methods, i.e Artificial Dataset In Section 3, we theoretically derive the

) N ; ity 1\N ;
bagged unpruned tree and bagged random tree, are less agonfidence probability = 1 — (1 — ;)™ that the multi-
curate than 10 random trees. The accuracy of meta-learning!€ random tree is the optimal model under the pessimistic
is slightly lower than the random tree (By50 examples). cond|.t|<.)n where there |slonly one good fegture_and alll
The right plotis the result of boosting. Except for boosttbes 'émaining features are irrelevant. To verify this resule, w
pruned tree, all the other boosting methods, i.e., boost ran have created an artificial dataset. The class label is hinary
dom tree and best best unpruned tree, are significantly lesd” @ndN. There are 50%"s and 50%AN’s in the train-
accurate than 10 random tree. Boost best pruned tree exind data. There is one good feature that is strictly corre-
ceeds the accuracy of 10 random tree by abb80 ex- lated with the class label. In other words, using this featur
amples (out of 16281). It is important to emphasize that alone can predict the true label with 100% accuracy. We

boosting and bagging best pruned tree are signficantly mordhen introduced 9 irrelevant features whose values are gen-
costly than computing 10 random trees. erated randomly. We compufé = 1 ~ 30 random trees.

As discussed in [15], MetaCost is significantly more Tree depth_ranges from 10% to 100% of the total number of
costly for cost-sensitive learning than “empirical risk” features with 10% increment. (In each teStrees of the
based method. It uses multiple classifier bagging to es-Same depth are used to classify an example. ) One complete
timate thea posteriori probability, intentionally changes (€St generates 3010 trees. We have completed the experi-
the label of some examples to optimize the classifica- ment 1000 times and measured the probability that the ran-
tion frontier and trains a best classifier at the end. We dom tree has exactly the same accuracy (100%) as the sin-
have applied MetaCost (using 10 round bagging to es-gle bestfcr_ee. The resultis plotted in Figure 7. As we can see
timate posteriori probability and unpruned best deci- the empirical results closely matches the theoreticalyanal
sion tree) on the donation dataset. The total charity receiv  S'S-
is $11950 which is significantly less than both the multi-
ple random tree ($14567) and single best unpruned tree5' Related Work

($12577.61). One important distinction of the proposed random tree
Training Efficiency The total time to train the single best method from Amit and Geman'’s “randomized trees” [1]
decision tree using C4.5 is 2 mins, 4 mins and 90 mins for is as follows. In randomized trees, Amit and Geman ran-
adult, donation and credit card dataset (full training s2t)  domly generates feature subset from the complete feature
spectively. However, the training cost for random tree s 0. set; from each feature subset, they run a conventional deci-
min, 0.6 min and 2 mins. If the training data cannot be held sion tree learner to compute the single best tree with differ
in main memory, the training time for the single best deci- ent kinds of heuristics such as information gain among oth-
sion tree will be significantly longer due to memory swap. ers. However, in our proposed method, the random tree uses

sets. Two base classifiers are combined in the same time
resulting tree of classifiers with depth equal to 3. We exper-
imented on the adult dataset with 0-1 loss function. The re-
sults are plotted in Figure 6. The x-axis is the number of
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Figure 7. Probability that the random tree is
the optimal model when thereis only 1 useful
feature. All remaining features are pure noise
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the complete feature set. The structure of the tree is con-
structed by randomly picking an untested feature and split-
ting point. Our method does not use any heuristic, e.g., in-
formation gain, to choose a feature at any given step. The
choice of feature at each step is completely stochastic. Our
method scans the the training set exactly once. Amit and
Geman’s randomized trees scans the training set multiple
times (each one with a different feature subset). Our pro-
posed random tree and Amit and Geman’s randomized tree
are orthogonal methods.

6. Conclusion

Contrary to common beliefs, we propose a random de-
cision tree algorithm that builds multiple iso-depth rando
decision trees. When classifying the probability outputs
from multiple trees are averaged to estimat@osteriori
probability. We discuss the heuristics to choose the defpth o
each random tree; when the tree depth is half of the num-
ber of features, the multiple random trees create the most
diversity. We then discuss the minimal number of random

trees to guarantee that the multiple random tree is an opti-[
mal model. We derive the lower bound of the confidence, [13]

as a function of the number of averaged random trees, that
the multiple random tree is the optimal model. In prac-
tice, 10 trees are sufficient for most problems. We empir-

ically evaluate the algorithm on both real world and artifi- [14]

cial datasets. The empirical results have shown that the ran
dom decision tree algorithm achieves significantly higher
accuracy than the single best hypothesis for both 0-1 loss

and cost-sensitive problems. Comparing with more expen-[15]

sive combining techniques such as boosting, bagging, meta-
learning and MetaCost, averaging random tree algorithm
still achieves higher or comparable accuracy. The stractur

of a random tree is constructed completely independent of
the training data. The training data is scanned exactly once
to update the statistics in multiple random trees. The mem-
ory requirement is to store multiple random trees and one
data item at any given time. With the necessary number of

[10]

[11]

random trees to ensure optimality, the memory requirement
of the random tree algorithm is significantly less than learn

ing a single best tree even if the very large training data
could have been held entirely in main memory to compute

the single best tree.
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