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Introduction

A common god of many clinical research studies is the development of areliable clinical
decision rule, which can be used to classify new patients into clinically-important categories. Examples
of such clinical decision rulesinclude triage rules, whether used in the out-of-hospital setting or in the
emergency department, and rules used to classify patients into various risk categories so that appropriate
decisions can be made regarding treatment or hospitalization.

Traditional statistical methods are cumbersome to use, or of limited utility, in addressing these
types of classification problems. There are a number of reasons for these difficulties. First, there are
generaly many possible “predictor” variables which makes the task of variable selection difficult.
Traditiona statistical methods are poorly suited for this sort of multiple comparison. Second, the
predictor variables are rarely nicely distributed. Many clinical variables are not normally distributed and
different groups of patients may have markedly different degrees of variation or variance. Third, complex
interactions or patterns may exist in the data. For example, the value of one variable (e.g., age) may
substantially affect the importance of another variable (e.g., weight). These types of interactions are
generdly difficult to model, and virtually impossible to model when the number of interactions and
variables becomes substantial. Fourth, the results of traditional methods may be difficult to use. For
example, amultivariate logistic regression model yields a probability of disease, which can be calculated
using the regression coefficients and the characteristics of the patient, yet such models are rarely utilized
in clinical practice. Clinicians generaly do not think in terms of probability but, rather in terms of
categories, such as “low risk” versus “high risk.”

Regardless of the statistical methodology being used, the creation of aclinical decision rule
requires arelatively large dataset. For each patient in the dataset, one variable (the dependent variable),
records whether or not that patient had the condition which we hope to predict accurately in future
patients. Examples might include significant injury after trauma, myocardial infarction, or subarachnoid
hemorrhage in the setting of headache. 1n addition, other variables record the values of patient
characteristics which we believe might help us to predict the value of the dependent variable. For
example, if one hopes to predict the presence of subarachnoid hemorrhage, a possible predictor variable
might be whether or not the patient's headache was sudden in onset; another possible predictor would be
whether or not the patient has a history of similar headaches in the past. In many clinically-important
settings, the number of possible predictor variables is quite large.

Within the last 10 years, there has been increasing interest in the use of classification and
regression tree (CART) analysis. CART analysisis atree-building technique which is unlike traditional
data analysis methods. It isidedlly suited to the generation of clinical decision rules. Because CART
andysisis unlike other analysis methods it has been accepted relatively dowly. Furthermore, the vast
majority of statisticians have little or no experience with the technique. Other factors which limit CART's
generd acceptability are the complexity of the analysis and, until recently, the software required to
perform CART andysis was difficult to use. Luckily, it isnow possible to perform a CART analysis
without a deep understanding of each of the multiple steps being completed by the software. In a number
of studies, | have found CART to be quite effective for creating clinical decision rules which perform as
well or better than rules developed using more traditional methods. 1n addition, CART is often able to
uncover complex interactions between predictors which may be difficult or impossible to uncover using
traditional multivariate techniques.

The purpose of thislectureisto provide an overview of CART methodology, emphasizing
practical use rather than the underlying statistical theory.

Classification and Decision Problems

A classification problem consists of four main components. The first component is a categorical
outcome or “dependent” variable. This variable is the characteristic which we hope to predict, based on
the “predictor” or “independent” variables. Typical outcome variables are survival, need for surgery, and
presence of myocardia infarction. The second component of a classification problem are the “ predictor”
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or “independent” variables. These are the characteristics which are potentially related to the outcome
variable of interest. In genera, there are many possible predictor variables. The third component of the
classification problem isthe learning dataset. Thisis a dataset which includes values for both the
outcome and predictor variables, from a group of patients similar to those for whom we would like to be
ableto predict outcomes in the future. The fourth component of the classification problem is the test or
future dataset, which consists of patients for whom we would like to be able to make accurate predictions.
This test dataset may or may not exist in practice. Whileit is commonly believed that a test or validation
dataset is required to validate a classification or decision rule, a separate test dataset is not aways
required to determine the performance of adecision rule.

A decision problem includes two components in addition to those found in a classification
problem. These components are a“prior” probability for each outcome, which represents the probability
that a randomly-selected future patient will have a particular outcome, and a decision loss or cost matrix.
The decision cost matrix represents the inherent cost associated with misclassifying a future patient. For
example, it is a much more serious error to classify a patient with an emergent medical condition as non-
urgent, than to misclassify a patient with a non-urgent medical condition as urgent. A sample cost matrix
is shown below, for atriage problem in which patients are classified as emergent, urgent, and non-urgent.
The worst possible error, consisting of classifying a truly emergent patient as non-urgent (undertriage), is
fifteen times as serious as misclassifying an urgent patient as emergent (overtriage).

Asthefirst _
example, consider the Classfied by Treeas
problem of selecting the Emergent| Uragent Non-Urgent
best size and type of TrueValueof | Emergent 0 5 15
laryngoscope blade for Outcome Ur gent 1 0 5
pediatric patients Variable Non-Ur gent 3 2 0

undergoing intubation.
The outcome variable, the Example Decision Cost Matrix.
best blade for each patient
(as determined by a consulting pediatric airway speciaist), has three possible values: Miller O, Wis-
Hipple 1.5, and Mac 2. The two predictor variables are measurements of neck length and oropharyngeal
height. The learning dataset is shown below. Ascan be
seen from the figure, the smallest patients are best intubated
with the Miller O, medium sized patients with the Wis-
Hipple 1.5, and the largest patients with the Mac 2. 8

One possible approach to analyzing these data
would be to use multivariate logistic regression, using neck
length and oropharyngea height as the two independent 6 1
predictor variables. A multivariate logistic regression
model yields regression coefficients which, when used in
logit expressions, give the probability that each blade is the
best for that patient. Logistic regression equations are very
difficult to usein clinical practice, especialy in Situations ,
such as this, in which the outcome variable has more than W-
two levels. Furthermore, it is difficult to incorporate 14
possible interactions in a multivariate logistic regression
model, and the model makes parametric assumptions which 0 1 5 3
may not be valid. OP Height

As shown on the next page, the logistic regression
mode! yields regression coefficients for the two
independent variables. Both of these regression coefficients are statistically significant, suggesting that
both neck length and oropharyngeal height are important predictors of the best laryngoscope blade.

L aryngoscope Blade ver sus Neck and OP M easurements

)]
1

Neck Length
N
1

%o Wis-Hipple 1.5
Miller O
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Although the interpretation of this o :

output is beyond the scope of the Logi stic Regression Results

current lecture, suffice it to say that Par anet er odds

this type of model israrely clinicaly Variable Estimate = SE P val ue Rati o

useful (especialy when faced with a

small child who needs emergent I NTERCP1 22.4 + 13.5 0.0974

airway management). I NTERCP2 45.5 + 13.5 0. 0007 .
NECK_LEN -5.8 + 2.3 0.0114 0. 003

Disclosure OP_HEIGH -10.5 + 3.7 0. 0051 0. 000

The Classification and
Regression Tree (CART) software to beillustrated in this lecture is a commercia product manufactured
and sold by Salford Systems (http://www.salford-systems.com). Salford Systems has donated CDs which
contain atrial version of their CART software, some additional modeling software not to be discussed in
this lecture, and copies of the datasets used in this lecture (provided by the lecturer). The lecturer does
not intend this presentation to be an endorsement of this particular software package. Thisisthe only
CART software with which the lecturer has significant personal experience, making it impossible for him
to comment on the capabilities of other competitive products. The lecturer receives no financia support
from Saford Systems, and SAEM has received no support from Salford Systems beyond the donation of
the above-mentioned CDs for the use of meeting attendees.

Binary Recursive Partitioning

Node 2
Class=WH 15
OP Height <
175

CART analysisisaform of binary recursive partitioning. The term “binary” implies that each
group of patients, represented by a“node”’ in a decision tree, can only be split into two groups. Thus,
each node can be split into two child nodes, in which case the origina node is called a parent node. The
term “recursive’ refersto the fact that the binary partitioning process can be applied over and over again.
Thus, each parent node can give rise to two child nodes and, in turn, each of these child nodes may
themselves be split, forming
additiona children. Theterm
‘N ™ “partitioning” refersto the fact that
Yes Class=Miller 0 No the dataset is split into sections or
Neck Length < "
245 | partitioned.
The figure to the left shows
\ oo \ the classification and regression
Classe willer 0 —L tree which results from analysis of
the laryngoscope blade selection
\ noes \ \ o \ data shown above. Thistree
Class = Mac 2 Class=WH 15 consists of aroot node (Node 1),
containing all patients. This node
is split based on the vaue of the neck length variable. If the neck length is < 2.45 centimeters, then those
patients are put in the first termina node, denoted Node -1, and the best blade is predicted to be a Miller
0. All other patients are placed in Node 2. The group of patients in Node 2 isinitially assigned a Wis-
Hipple 1.5 blade but they are also split based on their oropharyngea height. Those patients with an
oropharyngeal height less than 1.75 are placed in termina Node -2, and assigned a Wis-Hipple 1.5 blade,
while those with an oropharyngeal height ¢ 1.75 are placed in terminal Node —3 and assigned aMac 2
blade.

Severa things should be pointed out regarding this CART tree. Firgt, it is much simpler to
interpret than the multivariate logistic regression model, making it more likely to be practical in aclinical
setting. Secondly, the inherent “logic” in the treeis easily apparent, and it makes clinical sense.

Interestingly, it has been shown that clinical decision rules which make sense to clinicians are more
likely to be followed in clinical practice than rules in which the reasoning is not apparent.
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In the two figures below, avisud illustration of the CART approach is given. The root node,
which contains al patients, is split in two, analogous to a horizontal line being drawn at neck length =
245. All patients below the line, which are those found in the first terminal node, are assigned a
predicted class of Miller 0. The group of patients above the original line are then split by a second line
drawn at oropharyngeal height = 1.75. Those to the left of thisline are assigned a class of Wis-Hipple
1.5, while those to the right of the line are assigned the class Mac 2. It isimportant to note that this
second line applies only to one of the regions, which corresponds to the second parent node (Node 2).
This process of partitioning is easy to visualize in two dimensions (i.e., when there are only two possible
predictor variables) but is difficult or impossible to picture when there are five, ten, or dozens of possible

predictors.

Laryngoscope Blade ver sus Neck and OP M easurements

o
1

Wis-Hipple 1.5

Neck Length
N
1

21 )
& Miller 0
1

0 T T
0 1 2 3

OP Height

Laryngoscope Blade ver sus Neck and OP M easurements

&
1

Wis-Hipple1.5 3

Neck Length
»
1

29 ;
!w Miller O
14

0 T T
0 1 2 3

OP Height

The text box to the right shows the set of commands, contained within a“command” file, which
were used to produce the analysis represented by the CART tree. While there are 16 lines of commands,

half are generic formatting commands or the
definition of the misclassification costs. This
command file isincluded in the CD which has
been distributed, as is the dataset “airway.sys.”

Advantages and Disadvantages of CART
CART analysis has a number of

advantages over other classification methods,
including multivariate logistic regression. First, it
is inherently non-parametric. In other words, no
assumptions are made regarding the underlying
distribution of values of the predictor variables.
Thus, CART can handle numerical datathat are
highly skewed or multi-modal, as well as
categorical predictors with either ordina or non-
ordina structure. Thisisan important feature, as
it eliminates analyst time which would otherwise

USE 'c:\cart\data\airway.sys'

LOPTI ONS MEANS = NO, PREDI CTI ON = NO,
PLOTS = YES, TIMNG = YES, PRI NT

FORMAT = 3

MODEL best bl a

KEEP neck_I en op_hei gh

CATEGORY best _bla = 3 [min = 1]

PRI ORS EQUAL

M sclass UNIT

M sclasify Cost = 1 Classify 1 as 2
M sclasify Cost = 1 Classify 1 as 3
M sclasify Cost = 1 Classify 2 as 3
M sclasify Cost = 1 Classify 3 as 1
M sclasify Cost = 1 Classify 3 as 2
M sclasify Cost = 1 Classify 2 as 1

LIMT DEPTH=16
ERROR CRGSS = 20

be spent determining whether variables are normally distributed, and making transformation if they are

not.

Asdiscussed below, CART identifies “splitting” variables based on an exhaustive search of all
possihilities. Since efficient algorithms are used, CART is able to search al possible variables as
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splitters, even in problems with many hundreds of possible predictors. [While some listeners may
shudder at possible problems with overfitting and data dredging, these issues are dealt with in depth later].

CART aso has sophidticated methods for dealing with missing variables. Thus, useful CART
trees can be generated even when important predictor variables are not known for al patients. Patients
with missing predictor variables are not dropped from the analysis but, instead, “surrogate” variables
containing information similar to that contained in the primary splitter are used. When predictions are
made using a CART tree, predictions for patients with missing predictor variables are based on the values
of surrogate variables as well.

Another advantage of CART analysisisthat it is arelatively automatic “machine learning”
method. In other words, compared to the complexity of the analysis, relatively little input is required
from the analyst. Thisisin marked contrast to other multivariate modeling methods, in which extensive
input from the analyst, analysis of interim results, and subsequent modification of the method are
required.

Finally, CART trees are relatively smple for nonstatisticians to interpret. As mentioned above,
clinical decision rules based on trees are more likely to be feasible and practical, since the structure of the
rule and its inherent logic are apparent to the clinician.

Despite its many advantages, there are anumber of disadvantages of CART which should be kept
inmind. First, CART andysisisrelatively new and somewhat unknown. Thus, there may be some
resistance to accept CART analysis by traditional statisticians (some of whom consult for prestigious
medicd journas). In addition, there is some well-founded skepticism regarding tree methodologiesin
general, based on unrealistic claims and poar performance of earlier techniques. Thus, some datisticians
have a generalized distrust of this approach. Because of its rdative novelty, it is difficult to find
statisticians with significant expertisein CART. Thus, it may be difficult to find someone to help you use
CART analysis at your own institution. Because CART is not a standard analysis technique, it is not
included in many major statistical software packages (e.g., SAS).

Stepsin Cart

CART analysis consists of four basic steps. The first step consists of tree building, during which
atreeisbuilt using recursive splitting of nodes. Each resulting node is assigned a predicted class, based
on the distribution of classes in the learning dataset which would occur in that node and the decision cost
matrix. The assignment of a predicted class to each node occurs whether or not that node is subsequently
split into child nodes. The second step consists of stopping the tree building process. At this point a
“maximal” tree has been produced, which probably greatly overfits the information contained within the
learning dataset. The third step consists of tree “pruning,” which results in the creation of a sequence of
smpler and simpler trees, through the cutting off of increasingly important nodes. The fourth step
consists of optimal tree selection, during which the tree which fits the information in the learning dataset,
but does not overfit the information, is selected from among the sequence of pruned trees. Each of these
steps will be discussed in more detail below.

TreeBuilding
Tree building begins at the root node, which includes al patients in the learning dataset.

Beginning with this node, the CART software finds the best possible variable to split the node into two
child nodes. In order to find the best variable, the software checks all possible splitting variables (called
splitters), aswell as all possible values of the variable to be used to split the node. A number of clever
programming tricks are used to reduce the time required to search through all possible splits. In the case
of acategorical variable, the number of possible splits increases quickly with the number of levels of the
categoricd variable. Thus, it is useful to tell the software the maximum number of levels for each
categorical variable.

In choosing the best splitter, the program seeks to maximize the average “purity” of the two child
nodes. A number of different measures of purity can be selected, loosely called “ splitting criteria” or
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“gplitting functions.” The most common splitting function is the “Gini”, followed by “Twoing.”
Although the CART software manua recommends experimenting with different splitting criteria, these
two methods will give identical results if the outcome variable is a binary categorical variable.

As discussed below, each node (even the root node) is assigned a predicted outcome class. The
process of node splitting, followed by the assignment of a predicted class to each node, is repeated for
each child node and continued recursively until it isimpossible to continue,

Assignment of Node Classes
Each node, even the root node, is assigned a

predicted class. Thisis necessary, as there is no way to Criteriafor Assigning Classes to Nodes:
know during the tree-building process which nodes will

end up being terminal nodes after pruning. The C(j|i) is cost of classifying i as .
predicted class assigned to each node depends on three p (i) is prior probability of i.

factors: (1) the assumed prior probability of each class
within future datasets; (2) the decision loss or cost
matrix; and (3) the fraction of subjects with each

N; is number of classi in dataset.
N, (t) is number of classi in node.

outcome in the learning dataset that end up in each node. Node is class i, if
The function used to assign predicted classes to each CUIPON® _ N,
node is shown at right. This method of node class CAlp(IN; ) N,

assignment ensures that the tree has a minimal expected

. - for dl valuesof .
average decision cost for future datasets similar to the

learning dataset in which the probability of each
outcome is equal to the assumed prior probabilities.

Missing Variables

For each node, the “ primary splitter” is the variable that best splits the node, maximizing the
purity of the resulting child nodes. When the primary splitting variable is missing for an individua
observation, that observation is not discarded but, instead, a surrogate splitting variable is sought. A
surrogate splitter is a variable whose pattern within the dataset, relative to the outcome variable, is similar
to the primary splitter. Thus, the program uses the best available information in the face of missing
values. In datasets of reasonable quality this allows all observationsto be used. Thisisa significant
advantage of this methodology over more traditional multivariate regression modeling, in which
observations which are missing any of the predictor variables usualy are often discarded.

Stopping Tree Building

As mentioned above, the tree building process goes on until it is impossible to continue. The
process is stopped when: (1) there is only one observation in each of the child nodes; (2) all observations
within each child node have the identical distribution of predictor variables, making splitting impossible;
or (3) an externa limit on the number of levels in the maxima tree has been set by the user (“depth”
option).

The “maximal” tree which is created is generally very overfit. In other words, the maximal tree
follows every idiosyncrasy in the learning dataset, many of which are unlikely to occur in afuture
independent group of patients. The later splitsin the tree are more likely to represent over fitting than the
earlier plits, athough one part of the tree may need only one or two levels, while a different branch of
the tree may need many levelsin order to fit the true information in the dataset. A major breakthrough of
the CART methodology was the realization that there is no way during the tree-building process to know
when to stop, and that different parts of the tree may require markedly different depths.
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Tree Pruning
In order to generate a sequence of smpler and simpler trees, each of which is a candidate for the

appropriately-fit final tree, the method of “cost-complexity” pruning is used. This method relieson a
complexity parameter, denoted a, which is gradually increased during the pruning process. Beginning at
the last level (i.e., the terminal nodes) the child nodes are pruned away if the resulting change in the
predicted misclassification cost islessthan a timesthe change in tree complexity. Thus, a isameasure
of how much additiona accuracy a split must add to the entire tree to warrant the additional complexity.
Asa isincreased, more and more nodes (of increasing importance) are pruned away, resulting in smpler
and ssmpler trees.

Optima Tree Selection

The maximal tree will always fit the learning dataset with higher accuracy than any other tree.
The performance of the maximal tree on the original learning dataset, termed the “ resubstitution cost,”
generaly greatly overestimates the performance of the tree on an independent set of data obtained from a
similar patient population. This occurs because the maxima tree fits idiosyncrasies and noise in the
learning dataset, which are unlikely to occur with the same pattern in a different set of data. The god in
selecting the optimal tree, defined with respect to expected performance on an independent set of data, is
to find the correct complexity parameter a so that the information in the learning dataset is fit but not
overfit. In genera, finding this value for a
would require an independent set of data, but
this requirement can be avoided using the
technique of cross validation (see below).

The figure to the right shows the
relationship between tree complexity, reflected
by the number of terminal nodes, and the
decision cost for an independent test dataset
and the original learning dataset. Asthe ' ' ' ' ' '
number of nodes increases, the decision cost O 2 4 6 8 10 12 14
decreases monotonicaly for the learning data. Largea Complexity Small a
This corresponds to the fact that the maximal
tree will aways give the best fit to the learning
dataset. In contrast, the expected cost for an independent dataset reaches a minimum, and then increases
as the complexity increases. This reflects the fact that an overfitted and overly complex tree will not
perform well on a new set of data.

Optimal Tree

“Underfit”

Average
Decision Cost

Cross Vadlidation

Cross validation is a computationaly-intensive method for validating a procedure for model
building, which avoids the requirement for a new or independent validation dataset. In cross validation,
the learning dataset is randomly split into N sections, stratified by the outcome variable of interest. This
assures that a similar distribution of outcomes is present in each of the N subsets of data. One of these
subsets of datais reserved for use as an independent test dataset, while the other N-1 subsets are
combined for use as the learning dataset in the modet-building procedure (see the figure on the next
page). The entire model-building procedure is repeated N times, with a different subset of the data
reserved for use as the test dataset each time. Thus, N different models are produced, each one of which
can be tested against an independent subset of the data. The amazing fact on which cross vaidation is
based is that the average performance of these N models is an excellent estimate of the performance of
the original model (produced using the entire learning dataset) on a future independent set of patients.
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When cross validation is used in CART, the entire tree
building and pruning sequence is conducted N times. Thus,
there are N sequences of trees produced. Trees within the

Reserved Test Data

sequences are matched up, based on their number of termina | = | | | | | | | | |

nodes, to produce an estimate of the performance of thetreein Learning Data

predicting outcomes for a new independent dataset, as a function

of the number of terminal nodes or complexity. Thisalowsa | | | | | | | |

data-based estimate of the tree complexity which resultsin the -

best performance with respect to anindependent dataset. Using Learning Data

this method, a minimum cost occurs when the tree is complex

enough to fit the information in the learning dataset, but not so | | | | | | | |

complex that “noise” in the dataisfit. The figure below right Learning Data

shows atypica minimum which should occur in the cross- °

validation estimate of the misclassification cost, as a function of °

the number of termina nodes or complexity. o

Example: HIV-Triage | | | | | | | | | |
Asour next example, consider a dataset involving the Learning Data

triage of self-identified HIV-infected patients who present to the

emergency department (ED) for care. The outcome variable is the “urgency” of the visit, which has three
levels. emergent, urgent, and non-urgent. These
urgency levels are based on a retrospective evaluation of
thefina diagnosisand clinical course. The patient's
historical and presenting features, and the results of an
abbreviated and focussed review of systems are the
predictor variables. The dataset includes 389
observations and is included on the CD distributed
during the lecture.

i Optimal Tree

0O 2 4 6 8 10 12 14
Complexity

CV Mis
classification Cost

Initial Screen

Theinitial screen which appears when the
CART program is run includes the standard “File” and
“View” menus. The“File’ menu includes an option which alows one to submit an entire command file
in order to conduct an analysis. In addition, one can use the “View” to open a*“Notebook” window,
through which a command file may be viewed, edited, and submitted for processing.

The command files included on the CD can be opened in the Notepad window or submitted
directly from the File option. The use of the Notepad window alows editing of the command file (e.g., to
give the correct location for the data on your computer) followed by submission for processing.
Alternatively, the sample dataset may be opened, and a graphical user interface for mode building may
be used in lieu of acommand file. When the graphical model-building interface is used, the associated
command file may be saved, so that it can be viewed, edited, and reused later.

The text box on the next page shows the command file (“hivtree.cd”) which can be used to
analyze the HIV triage dataset included on the CD. The MODEL statement shows the outcome variable,
in this case anumerical representation of the urgency of the ED visit. The KEEP command lists the
possible predictor variables to be considered in building the decision tree. [The version on the CD does
not use the KEEP command, as only the correct variables have been included in the dataset.] The
PRIORS statement shows that the actua distribution of outcomes in the learning dataset is to be used as
the prior probabilities for outcomes when assigning outcome classes to nodes. The MISCLASSIFY
statement defines the costs of various misclassification errors which may occur. In this case, the most
serious error is to misclassify a patient who istruly in class O (emergent) as class 2 (non-urgent). The
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modd is limited to a depth of 16, which USE ' C \ CART\ dat a\ Hl VNEW SYS

limits the size of the maximal tree which LOPTI ONS MEANS = NO, PREDI CTI ON = NO,
may be constructed. In addition, cross PLOTS = YES, TIMNG = YES, PRINT
validation is used, with the sample size FORMAT = 3
divided into 10 subsets. Each of the MODEL NVI SI TCA
commands used in the command file is KEEP NSOBE, NDI ARR, NVOM T, NDYSPH,
described in detail in the online NATAXI ,  NBEHAV, NWORSEHA, NHEADA,
documentation included with the software. gg\é\EA;iESEmet’SENS%QD Nﬁ'cééég NCOUGH,
The graphical user interface used for | oy r” " NCCHEADA, NCCFEVCH, NCOVEAKN,

model setup, as well as the screen which NCCOTHER.  CDA
appears during processing of the command PRI ORS DATA
file are shown (below right and top of next CATEGORY NVISITCA = 3 [mn= 0]
page). Inthe latter case, 20-fold cross M sclass UNIT
validation is being used, which requires the M sclasify Cost = 4 Classify 0 as 1
creation of 21 tree sequences (one sequence | M sclasify Cost = 8 Classify 0 as 2
using all learning data, and 20 tree sequences | M sclasify Cost = 4 Cassify 1 as 2
in which part of the data has been withheld Msclasify Cost = 6 Classify 2 as 0
for testing). M scl asi fy Cost i 4 C assi fy 2 as 1

M sclasify Cost = 1 Classify 1 as O

LIM T DEPTH=16
Results and Output ERROR CROSS = 10

Theorigina CART software was BOPTI ONS SURROGATES = 5 COMPETI TORS = 3,

written for non-graphical computers, and al TREELI ST = 10, BRIEF
output had to be printable on old style line BOPTI ONS SERULE = 1 , 1 MPORTANCE = 1
printers. The current CART software till BOPTIONS  COVPLEXITY = 0.0, NCLASSES = 8

produces the old text-based reports, although TREE ' C:\ CART\ dat a\ Hl VTREE. TR1'
it provides a Window interface for
navigating the text reports. The Mot Solip
software also provides afully
graphical navigator, which presents oy e
the same information in a more user-
friendly graphical and tabular format.

The CART report consists of

Tage valahie

7 sections. The first section consists S

of the tree sequence, which includes .

the primary sequence of trees based

on the entire learning dataset, as well et

as cross validation estimates of tree it [ —— T
misclassification costs for an ot [ 5] | Fomeon o

independent set of data. The second
section of the report gives detailed
node information, including the Saue Tree Inicemacn | Cacad | Goms | e |
splitting criteria of each node,
surrogate variables to be used if the primary splitter is missing, and the distribution of outcomes for the
learning dataset at each node. The third section of the report gives information on the termina nodes,
including the distribution of outcome classes.

The next three sections of the report al involve misclassification rates. The fourth section of the
report gives general misclassification information for the learning dataset (which overestimates the
performance of the tree), while the fifth section give cross validation estimates of misclassification rates
for an independent dataset. The sixth section give additional information on misclassif ication rates for the
learning dataset. The last section of the report gives information on the relative importance of different
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variablesin the dataset. These
importance measures incorporate
information both on the use of
variables as primary splitters, and
also their relative worth as surrogate
variables when primary splitters are
missing. A discussion of variable
importance is beyond the scope of
this lecture.

The accompanying figures
on pages 11-13 show the primary
Report Screen, the tree sequence
from atypical report (the HIV
Triage example), aswell asthe
graphical navigator which can be
used to examine any tree in the tree
sequencein detail. In addition, the
navigator can be used to view
detailed reports on misclassification
rates, both for the learning dataset
and for an independent dataset
(based on cross validation).

The CART software can
also produce a script for the program
allCLEAR to be used to generate
graphica representations of trees for
exporting to other programs (e.g.,
Microsoft Word or Microsoft
Powerpoint). The decision tree
resulting from an analysis of the
HIV triage data, represented using
the alCLEAR software program is
illustrated on page 13. The program
alCLEAR isno longer

CART I [=1 B3
File Edit “iew Select Model Limits Window Help
s|E[=(n] a] s[=la] F| mhals] |
CART Report 1=l E}
Report Contents 3 | |
Progress: Data = C:A\CART\data\triage. 55
Target Yariable: MYISIT CA
5/01/00 2:58:35 PM
Tree 13a0f 21
Elapzed Time: 17 zec. Mumber of trees remaining: 9
Murnber of trees completed: 12 E stimated time to completion: 12 zec. -
Awg. time per tree: 1 sec. Ll_,

A 3

| | 4

CART M= e

File Edit Wiew Select Model Limitz ‘window Help

Z[@®0] 8] &[B[e] =] wmras] |

CART Report H[=] E]
3‘ 11 1.000

Report Contents 21 6.000
Treel

Tree Sequence
Hode Information
Tenminal Modes
Misclassification
Class Tahle (CV)
Class Table (leam)
Irportance

I

0.000
4,000

4,000
0.000

Total CPU TIME: 00;00;30.47

C:%CARTVdatattriage.3¥5: 107140 BYTES, 389 RECORDS.

4

automatically
included with the Dependent vari abl e: NVI SI TCA
software, and the
CART program can Terminal Cross-Validated Resubstitution Conplexity
also print nice looking Tree Nodes Relative Cost Relative Cost Par amet er
trees by itsalf, as well 1 48 0.828 +/- 0.059  0.256 0.000
as export graphical 5 35 0.798 +/- 0.059 0. 299 0.008
formats. 6 28 0.784 +/- 0.059 0.341 0.010

_ Inthe HIV 7 25 0.731 +/- 0.059 0. 361 0.011
Triage example, the 8 19 0.722 +/- 0.058 0.433 0.021
root node is split on 9 9 0.678 +/- 0.057 0.558 0.022
theinitial heart rate, 10 8 0.678 +/- 0.057 0.578 0.033
with patients with a 11** 7 0.663 +/- 0.057 0. 603 0. 044
heart rate of 104 or 12 5 0.762 +/- 0.056 0. 692 0.076
less going to the left, 13 2 0.951 +/- 0.050 0. 901 0.120
and those with a 14 1 1.000 +/ - 0.000 1. 000 0.170
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higher heart rate going to the right.
As can be seen from the tree, the CD4
count isonly important for patients
who are not tachycardic, asthe CD4 |
count appears only in the left-hand
sdeof thetree. Thisistypica of
insights which can be dbtained
through this type of anadysis, namely,
the importance of avariable (e.g.,
CD4 count) can vary tremendoudly i
based on the value of other variables.
This makes clinical sense--a patient
with markedly abnormal vita signs
probably has an emergent medica
condition regardless of the degree of
immunosuppression. In contrast, a
patient who is markedly
immunocompromised may have an
urgent or emergent medical condition
even with relatively normal vital signs
at triage. |

EZICART - [Navigator 1] 1=

e File Edf Yiew Select Tree Window Help ==
EEEEE R E R |

Classification tree topology for: NYISITCA

PULSE == 104.500

Relative
Cost
o
o

@
Humbar of Hodae

Zoom Out i Zoaomh i Tree... i Summary Reports. .. i I Modes: 7

M1 E3
Wiew Select Tree ‘Window Help = |

EEINE ] B |

Classification tree topology for: NVISITCA

EZICART - [Navigator 1]
Gy e Ed
| =lzl=n] =

FutureDatasets

The purpose of adecision tree
isusudly to alow the accurate
prediction of outcome for future
patients, based on the values of their 1
predictor variables. Similarly, the best g-;l W
way to test a tree using an independent s A - " .
dataset isto “drop” cases from anew et
dataset through the tree in order to
determine the observed
misclassification rates and costs. The
CART software provides a command
(the “treg” command) which alows
the decision tree to be saved, so that it
can be used with anew set of datain
the future to predict outcome. This

Relative
Cost

ZoomDul; Zaomiln i Tree... i Summary Reparts. . i | MNodes: &

EHCART IO

File

EEEEE R EEEE

Wiew Select Window Help

hode 1
Class =1

LI

alows the testing of the tree on a new
independent dataset.

PULSE == 104 500
Clazs Cazes %

Clazs Cases %

o B0

1 222

2 107
N =389

ar

15.4

205

Mode 2 Mode 5
Class =1 Clazz =0
CD4 <= 42 000 TEMP == 101 650

Clazs Cases %

1) 17 74 o 43 294
1 118 490 1 104 703
2 106 440 2 1 07
M =241 M =143
Mocle 3 Moce & Tert
Class =2 Class =1 Mod
TEMP == 100.450 PULSE == 137.500 Clas
Class Cazes % Clags Cazes % Clazs C
3 u] 9 51 a 20 168 a
[l I »
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Additional Topics

Tha.e aea numbef Of File Edt “iew Select “Window Help _ - 8] x
additional topics that, although of | =lEl=n] of ((wle] 7] sl Sl
prmtl Cal | mportance to tho% us ng Gaing Chart T Terminal Nodes T Yariable Importance T ‘Misclassification T Prediction Success j‘
CA RT anal ySI S, are bwond the S:Ope | Misclazsification by Class
Of thIS Ia:ture Th% |nCI Ude the Learning Sample Test Sample
choice and use of different splitting 0 T ro B T ]

1 I Cases |classed| Eror Cases |classed| Eror

rules and purity measures, the choice cees I =
of alternative prior probability L m o owome om |l 1w s o om
distributions, the interpretation of 0 B0 27 45000 045 i B0 27 4500 045
information on surrogate and - -
Competltlv.e Varld)l es’ methOdS uw St by:;Pct Erar EI St by | Pt Error EI
to rate the importance of different

variables, and details of CART's
handling of missing variables. -
Insights into these topics can best be li'—' | /
obtained by actual use of the software, 5
reference to the manual and online documentation, and comparison of results while varying user options.
The dataset and command files included in the distributed CD should alow the listener to begin using the
CART software and gain experience with its use.

Node 1
Yes Class=1 No
PULSE <= 104.500

Class=2
TEMP <= 100.450

Node -6
Class = 0

Conclusions

Classification and Regression Tree (CART) analysisis a powerful technique with significant potential
and clinical utility. Nonetheless, a substantial investment in time and effort is required to use the
software, select the correct options, and interpret the results. Nonetheless, the use of CART has been
increasing and is likely to increase in the future, largely because of the substantial number of important
problems for which it is the best available solution.
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