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IBM ProbE (for probabilistic estimation) is an
extensible, embeddable, and scalable
modeling engine, particularly well-suited for
implementing segmentation-based modeling
techniques, wherein data records are
partitioned into segments and separate
predictive models are developed for each
segment. We describe the ProbE framework
and discuss two key business solutions that
have been built using ProbE: the IBM
Underwriting Profitability Analysis for
insurance risk management, and the IBM
Advanced Targeted Marketing for Single
Events for direct mail database marketing.

IBM ProbE (for probabilistic estimation) is a customi-
zable data mining engine that is being developed to
enhance the IBM predictive modeling products and
services. Viewed from the broadest perspective,
ProbE might best be described as an extensible, em-
beddable, and scalable segmentation-based model-
ing engine. Although virtually any predictive mod-
eling technique can be implemented within ProbE’s
software environment, ProbE’s application program-
ming interfaces (APIs) are particularly well-suited for
implementing segmentation-based modeling tech-
niques, wherein sets of data records are partitioned
into segments and separate predictive models are de-
veloped for each segment.

This style of modeling is popular among data ana-
lysts and applied statisticians, and it is usually ap-
proached as a sequential process in which data are
first segmented (using, for example, unsupervised
clustering algorithms), and predictive models are

then developed for those segments. The drawback
of this sequential approach is that it ignores the
strong influence that segmentation exerts on the pre-
dictive accuracies of the models within each segment.
Good segmentations tend to be obtained only
through trial and error by varying the segmentation
criteria.

ProbE is able to perform segmentation and predic-
tive modeling within each segment simultaneously,
thereby optimizing the segmentation so as to maximize
overall predictive accuracy and thus to produce better
models. Currently, ProbE includes a top-down tree-
based algorithm for constructing segmentations, as
well as a collection of other algorithms for construct-
ing segment models. The latter includes stepwise lin-
ear regression and stepwise naive Bayes algorithms for
general-purpose modeling, and a joint Poisson/log-
normal algorithm for insurance risk modeling.

IBM ATM-SE (Advanced Targeted Marketing for Sin-
gle Events) is an application built on top of ProbE
for mining high-dimensional customer interaction
and promotion history data in order to construct cus-
tomer profitability and response likelihood models
for the retail industry.1 An evaluation of ATM-SE was
recently conducted with Fingerhut Inc., a leading
U.S. direct-mail retailer and a sophisticated user of
predictive analytics in their targeted marketing ef-
forts. The segmentation-based response models pro-
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duced by ProbE either equaled or slightly outper-
formed Fingerhut’s proprietary models, in a completely
automated mode. The outcome of this evaluation is
significant because numerous vendors and consult-
ants have attempted to beat Fingerhut’s in-house
modeling capability in the past, but previously none
had succeeded. Moreover, ProbE achieved this re-
sult in a fully automated mode of operation with no
manual intervention. Although further development
and testing is still needed, early indications are that
ProbE will be able to consistently produce high-qual-
ity models for this application on a fully automated ba-
sis without requiring costly manual adjustments of the
models or the mining parameters by data mining ex-
perts, a necessary step in making data mining attract-
ive to medium-sized businesses.

A key feature of ProbE is that it can be readily ex-
tended so as to construct a wide range of predictive
models within a segment. For example, in the
IBM UPA (Underwriting Profitability Analysis) appli-
cation,2 a joint Poisson/log-normal statistical model
is used to simultaneously model both the frequency
with which insurance claims are filed, and the
amounts (i.e., severities) of those claims for each seg-
ment. Using this class of segment models, the seg-
ments identified by ProbE would thus correspond
to distinct risk groups whose loss characteristics (i.e.,
claim frequency and severity) are estimated in ac-
cordance with standard actuarial practices.

A second example is found in the ATM-SE applica-
tion for predicting customer response to promotional
mailings. To predict the expected revenues that
would be generated by a customer targeted in such
mailings, segment models were constructed using
least-squares linear regression with forward stepwise
feature selection to select the variables that appear
in the regression equations. Using this class of seg-
ment models, ProbE would construct piecewise-lin-
ear models in which the segments correspond to re-
gions of the response surface that are approximately
linear and the boundaries between segments corre-
spond to nonlinearities detected in that surface.

To predict the probability of a customer responding
to a promotional mailing, segment models were con-
structed using naive Bayes methods with forward
stepwise feature selection to select the variables that
appear in the conditional probability equations. Us-
ing this class of segment models, ProbE would con-
struct piecewise naive Bayes models in which the seg-
ments correspond to regions of the response surface
in which the naive Bayes independence assumptions

are locally valid and the boundaries between seg-
ments correspond to interactions among features de-
tected in the response surface that violate the naive
Bayes assumptions.

In addition to being extensible with respect to seg-
ment models, ProbE also permits extensions to be
made to its segmentation algorithms. This degree of
extensibility was achieved through careful design of
ProbE’s APIs. In particular, a single API is used to
implement all predictive modeling algorithms, in-
cluding segmentation algorithms. This model API is
general enough to permit a very wide range of pre-
dictive modeling techniques to be implemented
within ProbE. No matter what kind of predictive
models are used within each segment, the same seg-
mentation algorithms are used in ProbE to optimize
the predictive accuracies of the resulting ensemble
of models independent of their internal details.

ProbE is also designed to be an embedded system
that can be incorporated into industry-specific ap-
plication environments. For example, ProbE does
not have a graphical user interface (GUI) of its own;
instead, one would have to be supplied by the host
application if so desired, as is done in the UPA and
ATM-SE solutions. The interface to ProbE has been
kept as simple as possible. Host applications provide
ProbE with specifications of data mining tasks to be
performed, and ProbE returns the results of those
tasks upon completion. At present, communication
is conducted through specification and results files;
however, future extensions to ProbE will permit full
integration with relational database systems, with
task specifications and mining results communicated
through database tables.

Another consideration in the design of ProbE is scal-
ability. ProbE is designed to work with very large,
out-of-core data sets. Work is also underway to de-
velop a data-partition parallelized version of ProbE
that would allow large data sets to be partitioned
across multiple processors, with each processor ac-
cessing data only in the partition assigned to it and
with only statistical summary information being ex-
changed among processors. Because this approach
would minimize the amount of communication
among processors, it is anticipated that it will achieve
near-linear improvements in execution speed (i.e.,
increasing the number of processors by a factor of
n decreases the execution time by a factor of n).

In the next section, we describe the tree-based seg-
mentation strategy utilized in ProbE. In the follow-

IBM SYSTEMS JOURNAL, VOL 41, NO 3, 2002 APTE ET AL. 439



ing two sections we elaborate in detail on two core
predictive modeling algorithms in ProbE: linear re-
gression trees and naive Bayes trees. This pair of al-
gorithms has been used successfully in building so-
lutions for targeted marketing and financial credit

risk scoring. We then describe a third predictive mod-
eling algorithm in ProbE; a joint Poisson log-nor-
mal model that was developed specifically for an in-
surance risk modeling application. The last section
contains our concluding comments.

Tree-based segmentation

The tree-based segmentation algorithm that is in-
corporated into ProbE can be used in conjunction
with a wide range of multivariate statistical models
as the leaf models. Beginning with a single root node,
an overall tree-based model is generated by recur-
sively applying a model expansion procedure to the
leaf nodes of the current tree. This model expansion
step involves two distinct and complementary mech-
anisms. The first mechanism is a node split that is
comparable to those traditionally used to build trees,
and involves a univariate binary split of an existing
leaf node into two descendant leaves. The second
mechanism is a leaf-model extension that involves
adding a single new feature to a multivariate statis-
tical model that appears in a leaf node of the cur-
rent tree. Examples of such multivariate leaf mod-
els include linear regression models and naive Bayes
models.

An important aspect of the above approach is that
node splits and leaf-model extensions are placed on
the same footing in the model expansion process.
For each leaf node, ProbE explores a set of possible
node splits on each input feature, as well as possible
leaf-model extensions for each input feature. The
node split or leaf-model extension that produces the
greatest model improvement at a leaf is then selected
and incorporated into the tree. The model expan-
sion process is then recursively applied until termi-
nated either by a user-specified “stopping condition”
or by an internal cross-validation heuristic.

Another important aspect of the above approach is
that feature selection is performed within each po-
tential new leaf model as it is being constructed dur-
ing both node splitting and leaf-model extension. The
features that can be selected are restricted to those
that appear in the leaf-model extensions performed
along the path from the root node to the potential
new leaf node being constructed. Thus, leaf-model
extensions specify the subset of features that are al-
lowed to appear in a leaf model, while leaf-model
feature selection determines which of these features
are actually used. A best-first wrapper-based ap-
proach3 is used for leaf-model feature selection. Un-
like ProbE, previous methods that use multivariate
statistical models in the leaves of trees (e.g., Ref-
erences 4, 5) do not perform feature selection on
leaf models, or they do not use multivariate leaf mod-
els to identify good splits, or both.

For scalability reasons, ProbE is designed to handle
massive out-of-core training data sets. The I/O cost
of each data scan is therefore an important perfor-
mance consideration when implementing learning
algorithms within ProbE.

To minimize I/O costs in the case of tree-based seg-
mentation, the algorithm implemented in ProbE
does not employ sorting when constructing binary
splits on numerical features. Instead, binary node
splits for all features are constructed by first gener-
ating multiway splits on each feature. In the case of
categorical features, the individual categories define
the multiway splits. In the case of numerical features,
the values of the features are binned into subinter-
vals and the resulting subintervals define the mul-
tiway splits. Once leaf models have been constructed
for a multiway split, the best possible binary split on
the corresponding feature is determined using a bot-
tom-up merging procedure analogous to that em-
ployed in CHAID.6 Specifically, two segments of a
multiway split are merged so that the resulting seg-
mentation produces the minimum increase in the re-
sulting model evaluation score. This merging pro-
cedure is applied iteratively until only two segments
remain. These two segments then represent the best
binary split for the corresponding feature.

To further decrease I/O costs, the node-splitting pro-
cedure used in ProbE also imposes two important
requirements on the implementations of the segment
model objects constructed at the leaf nodes. First,
as the training data are scanned, each relevant seg-
ment model object must be able to update its inter-
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nal data structures to extract relevant “sufficient sta-
tistics” in a storage and computationally efficient
manner.

Second, it should be possible to combine the suffi-
cient statistics of two or more model objects that cor-
respond to different data segments in such a way that
the sufficient statistics of the resulting segment model
object can be obtained without having to rescan the
training data. That is, the result should be the same
as if the resulting model object were trained using
the union of the original training data for the data
segments that are being merged. This requirement
enables the entire binary bottom-up merging pro-
cedure described above to be performed without hav-
ing to rescan the training data.

The ProbE framework is valuable because these two
conditions can be satisfied within the framework for
a large class of statistical models, although in some
cases it raises interesting computational research is-
sues.

Linear regression trees

The combination of the above tree-based segmen-
tation algorithm with stepwise linear regression mod-
eling at the leaves yields an overall algorithm that
we refer to as linear regression trees (LRT). The seg-
ment models in this case employ a Gaussian prob-
ability model

�y�X, t� � N �a0��
j

J

aj�t� Xj, ��t� 2� (1)

in each segment t, with the regression parameters
computed using the well-known normal equations
method (Reference 7 page 224, Reference 8 page
49). This method satisfies the two requirements of
the tree-based segmentation algorithm discussed
above because the sufficient statistics (in this case,
means and covariances) can be obtained from a sin-
gle pass over the training data. Furthermore, the suf-
ficient statistics from two or more segment model
objects can be combined to compute the regression
parameters for the model of the resulting combined
segment.

Our implementation of the normal equations
method incorporates feature selection in a way that
regularizes the computations and provides stable es-
timates of the nonzero regression coefficients. The

feature selection algorithm is based on the use of
holdout data. Specifically, each relevant data record
that is scanned is randomly designated to be either
a training record (used to determine the order in
which features are introduced in the regression mod-
el), or a holdout record (used to determine the op-
timum subset size in this ordered set of features).
Each linear regression model object has separate
data structures for storing and updating the means
and covariances of the relevant training and hold-
out data records.

After the sufficient statistics are obtained from a
training data scan, a forward stepwise feature selec-
tion procedure is used with the training covariance
matrix. Subsequently, the optimal number of features
is determined from this ordering using the holdout
means and covariances. Finally, the means and co-
variances for the training and holdout data are com-
bined in order to obtain final estimates for the re-
gression parameters with the selected features.

During bottom-up merging, the means and covari-
ances of the training and holdout data for pairs of
linear regression model objects are separately
merged, and feature selection and parameter esti-
mation is performed in the resulting model object,
as described above.

The details of each of the above steps are discussed
in the following subsections.

On-line updating and merging of mean and covari-
ance estimates. Let � � {x, y} denote the training
data record, where x denotes the J explanatory fea-
tures and y is the response. Typically, only the con-
tinuous explanatory features are included for the seg-
ment models, although categorical features may be
incorporated by explicitly encoding them in the in-
put data using dummy indicator variables in the usual
way.

For a given set of data (training or holdout), let
{�i} i�1

M denote the previously scanned records. The
mean vector �M and covariance matrix SM are then
given by

�M �
1
M �

i�1

M

�i, SM � �
i�1

M

��i � �M���i � �M� T

(2)

For analytic convenience, the constant normalizing
factor for the covariance matrix is omitted.
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When a new record �M�1 is scanned, the following
updates can be used to incrementally update the val-
ues of �M and SM as follows:

�M�1 �
M�M � �M�1

M � 1 ,

SM�1 � SM �
�M � 1�

M
��M�1 � �M�1�

��M�1 � �M�1�
T (3)

As noted earlier, each new record is randomly as-
signed to update either the training data means and
covariances (�, S), or the holdout data means and
covariances (�̃, S̃).

Now consider two models, with M and N records,
respectively, in a given subset of data (training or
holdout) at the end of a data scan. For the merged
model with M � N records, we have

�M�N �
M�M � N�N

M � N
,

SM�N � SM � SN �
N�M � N�

M
��M�N � �N�

��M�N � �N� T (4)

The means and covariances of the training and hold-
out sets are separately merged to produce the cor-
responding statistics for the merged model. The sym-
metric covariance matrices are stored in a packed
format to save storage, and the rank-one updates in
Equations 3 and 4 are implemented using standard
routines in the BLAS library.7

Feature selection and linear regression. At the end
of a training scan, a sequence of regression models
is constructed by introducing explanatory features
one at a time in a forward stepwise fashion in order
to create a sequence of regression equations. Each
explanatory feature is selected so as to maximally
reduce the variance of the resulting regression model
as measured on the training set. Excluded from con-
sideration are those explanatory features that are
highly collinear with respect to the explanatory fea-
tures that have already been introduced earlier in
the sequence. Such explanatory features are excluded
in order to avoid numerical instability in the calcu-
lation of regression coefficients.

Collinearity is detected by examining the model vari-
ance obtained when a regression equation is con-
structed that uses the explanatory features already
introduced to predict the next candidate explanatory
feature to be introduced. The ratio of the residual
variance of the resulting regression model, divided

by the original variance of the candidate explana-
tory feature, is calculated and compared to a thresh-
old. If the ratio falls below the threshold, then that
candidate explanatory feature is declared to be col-
linear and is omitted from further consideration. A
threshold of 0.001 has been found to work well in
practice, which corresponds to a situation in which
the explanatory features already selected account for
at least 99.9 percent of the variance observed in a
candidate explanatory feature.

Once a sequence of explanatory features has been
selected using the training set, a best subset of ex-
planatory features is identified using the holdout set.
Specifically, the best subset of explanatory features
is the one whose corresponding regression model
maximizes the likelihood of the response field as
measured on the holdout set.

After selecting a best subset of explanatory features,
the mean and covariance matrices of the training and
holdout sets are merged using Equation 4 and the
resulting merged matrices are used to re-estimate
the coefficients and variances of the regression mod-
els that were constructed.

Many well-known methods can be used to implement
the above calculations (e.g., Reference 8). In par-
ticular, a method based on Cholesky factorization
can be used to simultaneously solve for the coeffi-
cients of the regression equations and to identify the
best explanatory feature to be added next in the se-
quence of regression equations that are produced.9

Naive Bayes trees

The combination of the tree-based segmentation al-
gorithm described above with stepwise logistic re-

Each relevant data record that is
scanned is randomly designated

to be either a training record,
or a holdout record.
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