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Abstract

This paper is concernedwith the construction of regressionand classi�cation trees that are
more adapted to data mining applications than conventional trees. To this end, we proposenew
splitting criteria for growing trees. Conventional splitting criteria attempt to perform well on
both sidesof a split by attempting a compromisein the quality of �t between the left and the
right side. By contrast, we adopt a data mining point of view by proposing criteria that search
for interesting subsetsof the data, as opposed to modeling all of the data equally well. The
new criteria do not split based on a compromise between the left and the right bucket; they
e�ectiv ely pick the more interesting bucket and ignore the other.

As expected, the result is often a simpler characterization of interesting subsetsof the data.
Lessexpected is that the new criteria often yield whole trees that provide more interpretable
data descriptions. Surprisingly, it is a \
a w" that works to their advantage: The new criteria
have an increasedtendency to accept splits near the boundaries of the predictor ranges. This
so-called\end-cut problem" leadsto the repeated peeling of small layers of data and results in
very unbalancedbut highly expressive and interpretable trees.

1 In tro duction

We assumefamiliarit y with the basicsof classi�cation and regressiontrees. A standard referenceis
Breiman et al. (1984), hereafter referred to as CART (1984); a conciseintroduction can be found
in Venablesand Ripley (1997), and a more theoretical one in Ripley (1996).

Readersshould know that tree construction consists of a greedy growing phase driven by a
binary splitting criterion, followed by a pruning phasebasedon cost-complexity measuresand/or
estimatesof generalization error. The growing phaseyields the discoveries, the pruning phasethe
statistical protection against random structure. With the pruning phasein mind, the growing phase
is free to overgrow the tree.

We are here concernedonly with the growing phase,and hencewith the splitting criteria that
drive it. A typical criterion measuresthe quality of a proposedsplit in terms of a size-weighted sum
of lossesor impurities of the left and the right sideof the split: crit( split L;R ) = wL lossL + wR lossR .
Such weighted sumsconstitute a compromisebetweenthe two sides. By contrast, the new splitting
criteria proposed here combine the impurities of the left and right buckets of a split in such a
way that low impurit y of just one bucket results in a low value of the splitting criterion. These
criteria needto be developed for regressionand classi�cation trees separately. Section3 dealswith
regression,and Section 4 with classi�cation.

This work originated in the courseof a marketing study at AT&T in which the �rst author
was involved. Due to the proprietary nature of the original marketing data, we demonstrate our
proposals instead on public datasets from the UC Irvine Machine Learning Repository (1998).
Becauseinterpretabilit y is the focus of this paper, we present thesedatasets in greater detail than
usual. For the samereasonwe also include a larger number of tree displays than usual.

1Andreas Buja is Technology Consultant, AT&T Labs, 180Park Ave, P.O. Box 971, Florham Park, NJ 07932-0971.
andreas@research.att.com, http://www.researc h.att.com/~andreas/

2Yung-SeopLee is Instructor, Dongguk Univ ersity, Korea. yung@dongguk.edu
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2 Simplicit y and In terpretabilit y of Trees

We state the intent and someof the main points of the present work:

� Data mining, in contrast to traditional statistics, is not concernedwith modeling all of the
data. Data mining involves the search for interesting parts of the data. Therefore:

� The goal is not to achieve superior performancein terms of global performancemeasuressuch
as residual sumsof squares,misclassi�cation rates, and their out-of-sampleversions. (The R 2

valuesand misclassi�cation rates reported in the examplesare only given for generalinterest.)

� The aspectsof treeswith which we experimented | simplicit y and interpretabilit y | are not
easily quanti�able. We leave it as an open problem to �nd quanti�cations of these intuitiv e
notions. Note that simplicit y is not identical with size of a tree. This is a corollary of the
examplediscussednext:

� The splitting criteria proposedhere often generatehighly unbalanced trees. Against a per-
ception that more balanced trees are more interpretable, we argue that balance and inter-
pretabilit y are largely independent. In fact, there exists a type of maximally unbalanced
tree that is highly interpretable, namely, those with cascadingsplits on the samevariable, as
illustrated in Figure 1. The simplicit y of these trees stems from the fact that all nodes can
be described by one or two clauses,regardlessof tree depth. In Figure 1, it is apparent from
the mean values in the nodesthat the responseshows a monotone increasingdependenceon
the predictor x. In the examplesbelow we will show that tree fragments similar to the one
shown in Figure 1 occur quite convincingly in real data.
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Figure 1: An arti�cial exampleof a simple and interpretableyet unbalanced tree

3 Regression Trees

In regression,the impurit y measurefor buckets is the variance of the response values, and the
splitting criterion is a compromisebetweenleft and right sidebucket in terms of a weighted average
of the variances:

crit LR =
1

NL + NR

�
NL �̂ 2

L + NR �̂ 2
R

�
; (1)
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where we usedthe following notations for size,mean and variance of buckets:

NL = # f njxn � cg ; �̂ L =
1

NL

X

n2 L

yn ; �̂ 2
L =

1
NL

X

n2 L

(yn � �̂ L )2 ;

NR = # f njxn > cg ; �̂ R =
1

NR

X

n2 R

yn ; �̂ 2
R =

1
NR

X

n2 R

(yn � �̂ R)2 ;

x being the splitting variable and c the splitting value.
The new splitting criteria will do away with the compromiseand respond to the presenceof

just one interesting bucket. \In teresting" could mean high purit y in terms of small variance of the
response,or it could mean a high or a low mean value of the response. Thus we wish to identify
pure buckets (�̂ 2 small) or extreme buckets (�̂ extreme) asquickly aspossible. This leadsus to the
following two criteria:

� Criterion R1: One-sided purity

In order to �nd a singlepure bucket, wereplacethe weighted averageof left and right variances
by their minimum:

crit LR = min( �̂ 2
L ; �̂ 2

R)

By minimizing this criterion over all possiblesplits, we �nd a split whoseleft or right side
is the single bucket with smallest variance (purit y). Note that for subsequent splits, both
the high-purit y bucket and the ignored bucket are candidates for further splitting. Thus,
ignored buckets get a chanceto have further high-purit y buckets split o� later on. Typically,
a high-purit y bucket is lesslikely to be split again.

� Criterion R2: One-sided extremes

In order to �nd one single bucket with a high mean, usethe mean as the criterion value and
pick the larger of the two:

crit LR = max(�̂ L ; �̂ R)

Implicitly one of the bucket with the lower mean is ignored. By maximizing this criterion
over all possiblesplits, we �nd a split whoseleft or right side is the single bucket with the
highest mean. | An obvious dual for �nding buckets with low meansis:

crit LR = min( �̂ L ; �̂ R)

These criteria are a more radical departure from conventional approaches becausethey dis-
pensewith the notion of purit y altogether. The notion of purit y seemsto have been large
unquestionedin the tree literature. Mean valueshave not beenthought of assplitting criteria
although they are often of more immediate interest than variances. From the present point
of view, minimizing a variance-basedcriterion is a circuitous route to take when searching for
extreme means.

At this point, a natural criticism of the new criteria may arise: their potentially excessive
greediness. The suspicion is that they capture spurious groups on the periphery of the variable
ranges, thus exacerbating the so-called\end cut problem" (CART, 1984, p. 313). This criticism
is valid in the facts but not in the conclusion. First, the end cut problem exists but it can be
controlled with a minimum bucket size requirement or a penalty for small bucket size. Second,
there is an argument that the criteria for one-sidedextremesmay have a chance of succeedingin
many situations: in real data the dependenceof the mean responseon the predictor variables is
often monotone;henceextreme responsevaluesare often found on the periphery of variable ranges,
just the kind of situations to which the criteria for one-sidedextremes would respond. Finally,
recall that the present goal is not to achieve superior �t but enhancedinterpretabilit y.
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4 Tw o-Class Classi�cation Trees

We consider only the two-classsituation and leave more than two classesas an open problem.
The class labels are denoted 0 and 1. Given a split into left and right buckets, let p0

L + p1
L = 1,

p0
R + p1

R = 1 be the probabilities of 0 and 1 on the left and on the right, respectively. Here are some
of the conventional measuresof lossor impurit y, expressedfor the left bucket:

� Misclassi�cation rate: min(p0
L ; p1

L ). Implicitly one assignsthe bucket to a classby majorit y
vote and estimatesthe misclassi�cation rate by the proportion of the other class.

� Entropy: � p0
L logp0

L � p1
L logp1

L . This can also be interpreted as the expected value of the
minimized negative log-likelihood of the Bernoulli model for Y 2 f 0; 1g; n 2 L .

� The Gini index: p0
L p1

L . It can be interpreted as the Mean SquaredError (M SE) when �tting
the mean, p1

L , to the Bernoulli variable Y 2 f 0; 1g; n 2 L : M SEL = EL (Y � p1
L )2 = p0

L p1
L .

These impurit y criteria for buckets are conventionally blended into compromisecriteria for splits
by forming weighted sumsof the left and right buckets. Denoting with pL + pR = 1 the marginal
probabilities of the left and the right bucket given the mother bucket, the compromisetakes this
form:

misclassi�cation rate : pL min(p0
L ; p1

L ) + pR min(p0
R ; p1

R )

entropy : pL (� p0
L logp0

L � p1
L logp1

L ) + pR (� p0
R logp0

R � p1
R logp1

R )

Gini index : pL p0
L p1

L + pR p0
R p1

R

Theseimpurit y functions are the smaller the stronger the majorit y of either label is. Misclassi�ca-
tion rate is problematic becauseit may lead to many indistinguishable splits, someof which may
be intuitiv ely more desirablethan others. The problem is illustrated, for example, in CART (1984,
p.96). One therefore usesentropy or the Gini index instead, both of which avoid the problem.
CART (1984) usesthe Gini index, while C4.5 (Quinlan, 1993) and S-Plus (Statsci 1995, or Ven-
ablesand Ripley 1997)useentropy. For two classesthere doesnot seemto exist a clear di�erence in
performancebetweenentropy and the Gini index. In the multi-class case,however, Breiman (1996)
has brought to light signi�cant di�erences.

We now approach two-classclassi�cation the sameway as regressionby attempting to identify
pure or extreme buckets as quickly as possible. While the criteria for regressiontrees are basedon
variancesor means,the criteria for classi�cation trees are only basedon the probabilities of class0
and 1. For one-sidedpurit y, the goal can be restated as �nding splits with just one bucket that
has a clear majorit y label. Another approach is to select a classof interest, 1, say, and look for
buckets that are very purely class1. For example, in a medical context, onemight want to quickly
�nd buckets that show high rates of mortalit y, or high rates of treatment e�ect. As in Section 3,
we introduce two criteria for splitting, corresponding to the two approaches:

� Criterion C1: One-sided purity

In order to �nd a single pure bucket, regardlessof its class,we replacethe weighted average
with the minimum:

crit LR = min(p0
L ; p1

L ; p0
R ; p1

R ) ;

which is equivalent to
crit LR = min(p0

L p1
L ; p0

R p1
R )
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becausemin(p0
L ; p1

L ) and p0
L p1

L are monotone transformations of each other. The criteria are
also equivalent to

crit LR = max(p0
L ; p1

L ; p0
R ; p1

R)

becauseif one of p0
L , p1

L is maximum, the other is minimum. This latter criterion expresses
the idea of pure buckets more directly.

� Criterion C2: One-sided extremes

Having chosenclass1, say, asthe classof interest, the criterion that searchesfor a pure class1
bucket among L and R is

crit LR = min(p0
L ; p0

R) ;

which is equivalent to the more intuitiv e form

crit LR = max(p1
L ; p1

R) :

The following table shows a synopsisof the new criteria for regressionand two-classclassi�cation:

RegressionTrees Classi�cation Trees

One-sidedpurit y min(�̂ 2
L ; �̂ 2

R ) min(p0
L p1

L ; p0
R p1

R)

One-sidedextreme max(�̂ L ; �̂ R) max(p1
L ; p1

R)

5 An Example of Regression Trees: The Boston Housing Data

Following CART (1984), we demonstratethe application of the new splitting criteria on the Boston
Housing data. These well-known data were originally created by Harrison and Rubinfeld (1978),
and they were popularized by Belsley, Kuh and Welsch (1980). Data �les are available from the
UC Irvine Machine Learning Repository (1998).

Harrison and Rubinfeld's main interest in the data was to investigate how air pollution con-
centration (NOX) a�ects the value of single family homes in the suburbs of Boston. Although
NOX turned out to be a minor factor if any, the data have been frequently used to demonstrate
new regressionmethods. Thesedata are such well-treaded ground that if anything new is found in
them, it should be remarkable. The data contain the median housing valuesas a response,and 13
predictor variables for 506 censustracts in the Boston area; seeTable 1 for details.

We constructed several trees based on both CART and the new criteria. To facilitate com-
parisons,all trees were generatedwith equal size,namely, 16 terminal nodes. A minimum bucket
size of 23 was chosen,which is about 5% of the overall samplesize (506). The resulting trees are
displayed in Figures 3 through 6. For each node, the meanresponse(m) and the size(sz) is given.
Here is a summary of the main featuresof thesetrees:

1. CART, Figure 3
Somewhatbalancedtree of depth 6. The major variablesareRM (3x) and aboveall LSTAT (6x).
Minor variablesappearingonceeach areNOX, CRIM, B, PTRATIO, DIS, INDUS, with splits
mostly in the expected directions. Two of the top splits act on the sizeof the homes(RM),
and below it, especially for areaswith smaller homes,an monotonedecreasingdependenceon
the fraction of lower status population (LSTAT) is apparent. Except for the peeling on RM
at the top and the subsequent peeling on LSTAT, the tree is not simple.
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Variable description

CRIM crime rate

ZN proportion of residential land zonedfor lots over 25,000sq. ft

INDUS proportion of non-retail businessacres

CHAS Charles River dummy variable (=1 if tract bounds river; 0 otherwise)

NOX nitric oxides concentration, pphm

RM averagenumber of rooms per dwelling

AGE proportion of owner-occupied units built prior to 1940

DIS weighted distancesto �v e Boston employment centers

RAD index of accessibility to radial highways

TAX full-value property tax rate per $10,000

PTRATIO pupil teacher ratio

B 1000� (Bk � 0:63)2 where Bk is the proportion of blacks

LSTAT percent lower status population

response median value of owner occupied homesin $1000's

Table 1: Predictor Variables for the Boston Housing Data.

2. One-sided purity , Figure 4
Unbalanced tree of depth 9. The minor variable PTRATIO (1x) is allowed the �rst split
with a small bucket of size9%; apparently a cluster of school districts has signi�cantly worse
pupil-to-teacher ratios than the majorit y. Crime-infested neighborhoods are peeledo� next
in a small bucket of size5% (CRIM, 1x) with extremely low mean. NOX makessurprisingly
3 appearances,which would have made Harrison and Rubinfeld happy. In the third split
from the top, NOX breakso� 12% of highly polluted areaswith a low bucket mean of 16, as
comparedto 25 for the rest. LSTAT (3x) createsnext a powerful split into buckets of size41%
and 34%, with meansof 30 and 19, respectively. RM (2x) plays a role only in \high-status"
neighborhoods.

3. One-sided extremes: high mean, Figure 5
An extremely unbalanced tree. There are no single powerful splits, only peeling splits with
small buckets on one side. The repeated appearanceof just two variables, RM (2x, levels 1
and 3) and LSTAT (8x), however, tells a powerful story: For highest housing prices (bucket
mean 45), the size of homes (RM > 7:59) is the only variable that matters. For RM <
7:08, a persistent monotone decreasingdependenceon LSTAT takesover, down to a median
housing value of about 17. This simple interplay between RM and LSTAT lends striking
interpretabilit y to the tree and tells a simple but convincing story. At the bottom, crime
(CRIM, 2x) and pollution (NOX, 1x) show someremaining smaller e�ects in the expected
directions.

4. One-sided extremes: low mean, Figure 6
Again an extremely unbalancedtree. It tells a similar story as the previous one, but greater
precision is achieved for low housing values, becausethis is where the criterion looks �rst.
The �rst peeling split sets aside a 5% bucket of crime-infested neighborhoods with lowest
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housing valuesaround 10. The secondlowest mean bucket (B < 100) consistsof 5% census
tracts with high African-American population (63%� 32%; due to an arcanetransformation).
Thereafter, monotonedecreasingdependenceon LSTAT takesover in the form of six peeling
splits, followed by monotone increasingdependenceon RM in the form of �v e peeling splits.
Thesetwo successive monotonedependenciesare essentially the sameas in the previous tree,
which found them in reverseorder due to peeling from high to low housing values.

After perusing the last two treesand their crisp stories, it is worthwhile to return to the CART
tree of Figure 3 and apply the lessonslearnt. We seein retrospect that the CART tree tries to
tell the same story of monotone dependenceon LSTAT and RM, but becauseof its favoring of
balancedsplits, it is incapableof clearly layering the data: The split on LSTAT at the secondlevel
divides into buckets of size51% and 34%, of which only the left bucket further divides on LSTAT.
By comparison, the high meanscriterion createsat level 3 a split on LSTAT with buckets of sizes
9% and 77%, clearly indicating that the left bucket is only the �rst of a half dozen\tree rings" in
ascendingorder of LSTAT and descendingorder of housing price.

In summary, it appears that, in spite of the highest R2 value, the CART tree is considerably
harder to interpret comparedto the extreme meanstrees. Even the one-sidedpurit y criterion has
certain advantages for \data mining" in that it is better able to �nd interesting small buckets.
Ironically the greater end-cut problem of the new criteria works in their favor. Conversely, CART's
end-cut problem is not su�cien tly strong to allow it to clearly detect monotone dependenciesand
expressthem in terms of highly unbalancedlayering trees.

After a tree-basedanalysisthat resulted in an interpretable tree, it is plausible to re-expressthe
tree in terms of linear models by describing monotone dependencieswith linear or additiv e terms
and localizing them with suitable dummy variables. For example, the tree generatedwith the low
meanscriterion might suggesta linear model of the following form:

M ED VAL = � CRI M � 1[CRI M > 15:79] +

� B � 1[B � 100:08] � 1[CRI M � 15:79] +

� LS TAT � LSTAT � 1[LS TAT > 10:14] � 1[B > 100:08] � 1[CRI M � 15:79] +

� RM � RM � 1[LS TAT � 10:14] � 1[B > 100:08] � 1[CRI M � 15:79] + ERROR

This type of exerciseshows the power of adaptive model building that is implicit in interpretable
trees.

6 An Example of Classi�cation Trees: Pima Indians Diab etes

We demonstrate the application of the new criteria for classi�cation trees with the Pima Indians
Diabetesdata (Pima data, for short). Thesedata wereoriginally owned by the \National Institute
of Diabetes and Digestive and Kidney Diseases,"but they are now available from the UC Irvine
Machine Learning Repository (1998).

The class labels of the Pima data are 1 for diabetes and 0 otherwise. There are 8 predictor
variables for 768 patients, all females,at least 21 years of age, and of Pima Indian heritage near
Phoenix, AZ. Among the 768 patients, 268 tested positive for diabetes (class 1). For details see
Table 2 and the documentation at the UC Irvine Repository.

We constructed four trees basedon entropy and the new criteria. A minimum bucket size of
35 was imposed,amounting to about 5% of the overall samplesize (768). The resulting trees are
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Variable description

PRGN number of times pregnant

PLASMA plasma glucoseconcentration at two hours in an oral

glucosetolerance test

BP diastolic blood pressure(mm Hg)

THICK Triceps skin fold thickness(mm)

INSULIN two hour serum insulin (� U/ml)

BODY body massindex (weight in kg=(height in m)2)

PEDIGREE diabetespedigreefunction

AGE age(years)

RESPONSE classvariable (=1 if diabetes;0 otherwise)

Table 2: Predictor Variables for the Pima Indians DiabetesData.

shown in Figures 7 through 10. For each node, the proportion (p) of each classand the size (sz)
are given. Here is a summary of the trees:

1. Entropy, Figure 7
Typical balanced tree of depth 6. The strongest variable is PLASMA (5x), which createsa
very successfulsplit at the top. BODY (3x) is the next important variable, but much lessso,
followed by PEDIGREE (3x) and AGE (2x). The classratios in the terminal buckets range
from 1.00:0.00on the left to 0.16:0.84on the right. All splits are in the expected direction.
Overall, the tree is plausible but doesnot have a simple interpretation.

2. One-sided purity , Figure 8
Extremely unbalancedtree of depth 12. In spite of the depth of the tree, its overall structure
is simple: As the tree movesto the right, layers high in class0 (no diabetes)are being shaved
o�, and, conversely, as the tree stepsleft, layers high in class1 (diabetes)are shaved o� (with
the exception of the BP split near the bottom). The top of the tree is dominated by BODY
and PLASMA, while AGE and PEDIGREE play a role in the lower parts of the tree, where
the large rest bucket gets harder and harder to classify.

3. One-sided extremes: high class0, Figure 9
Extremely unbalanced tree with simple structure: Becausethe criterion searches for layers
high in class0 (no diabetes), the tree keepsstepping to the right. In order to describe con-
ditions under which class0 is prevalent, it appears that only BODY and PLASMA matter.
The tree shows a sequenceof interleaved splits on these two variables, indicating a com-
bined monotone dependenceon them. Seebelow for an investigation of this behavior. For
interpretabilit y, this tree is the most successfulone.

4. One-sided extremes: high class1, Figure 10
Another extremely unbalanced tree with simple structure: The criterion searches for layers
high in class1 (diabetes),which causesthe tree to step to the left. The top split on PLASMA
identi�es a 0.86diabetic bucket of size9.9%. BODY re�nes it to 90%. This is the major story
becausethe remaining cascadeto the left works o� a bucket with a fraction 0.71non-diabetics,
obviously with only mild success.
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From the treesand the summary, it becomesclear that PLASMA is the most powerful predictor,
followed by BODY. In particular the third tree is almost completely dominated by these two
variables. Their interleaved appearancedown this tree suggestsa combined monotone dependence
which should be studied more carefully. Figure 2 shows how the third tree in Figure 9 tries to
approximate the classprobabilit y surfacewith a step function on axes-alignedrectangular tiles.

50 100 150 200
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PLASMA
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Y

Figure 2: The Pima Diabetes Data, BODY against PLASMA . The plain is tiled according to the
bucketsof the tree in Figure 9. Open squares: no diabetes(class 0), �l led circles: diabetes(class1).

7 Summary

The following are a few conclusionsfrom our experiments:

� Hyper-greedydata mining criteria can produce highly interpretable trees.

� Highly unbalancedtrees can reveal monotone dependence.

� The end-cut \problem" can turn into a virtue.

� If treesaregrown for interpretation, global measuresfor quality of �t arenot very informativ e.

The following are a few topics that merit further research:

� Develop quality measuresfor interpretabilit y and simplicit y of trees.

� Extend the new 2-classcriteria to more than two classes.

� Develop more sophisticated methods to control bucket size.
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Figure 3: The Boston Housing Data, Regression Tree 1, CART Criterion.
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Figure 4: The Boston Housing Data, RegressionTree 2, One-Sided Purity Criterion.
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Figure 5: The Boston Housing Data, RegressionTree 3, High Means Criterion.
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Figure 6: The Boston Housing Data, RegressionTree 4, Low Means Criterion.
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Figure 7: The Pima Indian DiabetesData, Tree 1, Entropy.
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Figure 8: The Pima Indian DiabetesData, Tree 2, One-Sided Purity.
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Figure 9: The Pima Indian DiabetesData, Tree 3, One-Sided Extremes,Class 0.
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Figure 10: The Pima Indian DiabetesData, Tree 4, One-Sided Extremes,Class 1.
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