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DESCRTIPTTION

PROBABILISTIC DATA MINING MODEL COMPARISON ENGINE

FIELD OF THE INVENTION

The invention relates generally to a method for running a data
mining comparison engine as well as to a data mining comparison

engine.

The invention relates further to a computer system, a data

processing program, and a computer program product.

BACKGROUND OF THE INVENTION

Data Mining is an analytic process designed to explore data,
usually large amounts of data in search of consistent patterns
and/or systematic relationships between variables, and then to
validate the findings by applying the detected patterns to new
sets of data. Predictive data mining is the most common type of
data mining and one that has the most direct applications. The
process of data mining consists of three stages: (1) the initial
exploration, (2) model building or pattern identification with
validation/verification, and (3) deployment, i.e., the
application of the model to new data in order to generate

predictions.

The initial exploration stage usually starts with data
preparation which may involve cleaning data, data
transformations, selecting subsets of records and - in case of

data sets with large numbers of variables ("fields or
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dimensions”) - performing some preliminary feature selection
operations to bring the number of variables to a manageable
range (depending on the statistical methods which are being
considered). Then, depending on the nature of the analytic
problem, this first stage of the process of data mining may
involve an activity anywhere between a simple choice of
straightforward predictors for a regression model, to elaborate
exploratory analyses using a wide variety of graphical and
statistical methods in order to identify the most relevant
variables and determine the complexity and/or the general nature

of models that can be taken into account in the next stage.

The second stage - model building or pattern identification with
validation/verification - involves considering various models
and choosing the best one based on their predictive performance,
i.e., explaining the variability in question and producing
stable results across samples. This may sound like a simple
operation, but in fact, it sometimes involves a very elaborate
process. There are a variety of techniques developed to achieve
that goal - many of which are based on so-called "competitive
evaluation of models"™, that is, applying different models to the
same data set and then comparing their performance to choose the
best model. These techniques - which are often considered the
core of predictive data mining - include: bagging (voting,
averaging), boosting, stacking (stacked generalizations), and

meta-learning.

The third stage - deployment - involves using the model selected
as best in the previous stage and applying it to new data in
order to generate predictions or estimates of the expected

outcome.

Well known data mining categories include cluster analysis,
regression, both linear and non-linear, classification, rule

analysis, and time series analysis.
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Clustering may be defined as the task of discovering groups and
structures in the data whose members are in some way or another

"similar", without using known structures in the data.

Classification may be defined as the task of generalizing a

known structure to be applied to new data. For example, an email
program may attempt to classify incoming email as legitimate or
spam. Common algorithms include decision tree learning, nearest

neighbour, Naive Bayesian classification and neural networks.

Regression analysis attempts to find a function which models the

data with the least error.

Association rule learning searches for relationships between
variables. For example, a supermarket might gather data on
customer purchasing habits. Using association rule learning, the
supermarket can determine which products are frequently bought
together and use this information for marketing purposes. This

is sometimes referred to as market basket analysis.

The concept of data mining is becoming increasingly popular as
an information management tool where it is expected to reveal
knowledge structures that may guide decisions in conditions of
limited certainty. Using manual technigques, this would not be

possible because of the large number of data points involved.

However, in order to use data mining techniques effectively, a
comparison of data mining models may be required in order to get

optimal result out of existing data.

There are different scenarios in which a compariscn of data
mining models may be useful. Many applicaticon scenarios do not
have single data mining models, but multiple, related ones. Some
typical examples are data mining models derived at different

points in time or in different subsets of the data, e.g.,
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production quality data from different oductiocon sites. Another
common case is representing the same data with data mining
models on different types of data mining models in order to
pture different aspects of the data. In all these cases, not
dat

a mining mcedels are of interest, but also

similarities and differences between them. Such differences may
tell, for instance, how production quality and dependencies

develop over time, how data mining models of different types
differ in their ways of representing different products produced
at the same facility or, how the production facilities differ

between each other.

Comparing data mining models manually may be very costly, error-
prone and not feasible depending on the amount of available
data. While being extremely important, automatic compariscn of

q

data mining models has not yet been widely adopted in practice,
essentially for two reasons: (a) They allow only comparing
nedels of the same, pre-defined pattern type and thus, have =&

ack of gener

ality making it impossible to use the methods of
nost other pattern types. - (b) They are based on the struc
the data mining models and thus, they are severely limited in

hich

5,

)—-.-

o
thelr expressiveness, leads to complex results that are

often very hard to interpret.

Document US 7,636,698 disc

|-

oses a method of generating a data
pattern - or data mining model - from a dataset based on a
comparison of two classification data mining models. Disclosed
is an architecture for analyzing pattern shifts in data patterns
of data mining models and outputting the results. This allows
comparing and describing differences between two semantically
similar classification patterns - or classification mining
models - and analyzing historical changes in versions of the
same classification model or differences in pattern found by two

or more classification algorithms applied to the same data.
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Thus, there may be a need for an improved method and an engine
for comparing data mining models, in particular for the case in
which the data mining models do not belong to the same category

of data mining models.

SUMMARY OF THE INVENTION

This need may be addressed by a method for running a data mining
comparison engine, a data mining comparison engine, a computer
system, a data processing program, and a computer program

product according to the independent claims.

The invention provides a method for running a data mining model
comparison engine for comparing a first data mining model with a
second data mining model. The method comprises the following
steps:
providing a first data mining model representing results of
a first data mining task on a first data set, said first data
mining model providing a set of first prediction wvalues;
providing a second data mining model representing results
of a second data mining task on a second data set, said second
data mining model providing a set of second prediction values;
providing a relation between said set of first prediction
values and said set of second prediction wvalues;
determining an input data set;
carrying out the following steps on at least a first record
of the determined input data set:
creating a first probability distribution based on the
first data mining model applied to the first record, said
first probability distribution associating probabilities
with said set of first prediction wvalues;
creating a second probability distribution based on

the second data mining model applied to the first record,
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said second probability distribution associating
probabilities with said set of second prediction values;
calculating a distance measure for said first record
using the first and second probability distributions and
the relation;
determining at least one region of interest based on the
distance measure calculated for records of the determined input

data set.

A data mining comparison engine comprising
a providing unit adapted for providing a first data mining
model M1 providing a set of first predictions values and a
second data mining model M2 providing a set of second prediction
values, said first data mining model M1 representing results of
a first data mining task on a first data set Dl and said second
data mining model M2 representing results of a second data
mining task on a second data set D2, where the providing unit is
also adapted for providing a relation R between said set of
first prediction values and said set of second prediction
values;
an input data set unit adapted for determining an input
data set X;
a calculation unit adapted for calculating for each record
of said input data set:
a first probability distribution based on the first data
mining model applied to said input data set, said first
probability distribution associating probabilities with
said set of first prediction values;
a second probability distribution based on the second
data mining model applied to said input data set, said
second probability distribution associating probabilities
with said set of second prediction values;
calculating a distance measure d for said records using
the first and second probability distributions and the

relation.
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a region finding unit adapted for determining at least one
region of interest based on the distance measure d calculated

for records of the input data set.

DETATLED DESCRIPTION

As the general concept of the method is described in the summary
section, some more specifics are detailed here. The comparison
of at least two data mining models M1, M2 is based on comparing
the probabilities of the prediction outcomes provided by the
data mining models. One advantage of the proposed comparison
using the probabilities of the prediction outcomes is that it
encompasses the uncertainty of the models’ predictions unlike

any pricr art comparison of data mining models.

As the original data sets D1, D2 based on which the data mining
models M1, M2 are generated may contain different records, the
comparison of M1 and M2 is done on an input data set X that is
typically generated for this purpose. Even i1if D1 equals D2,
their data records may no longer be available when the models

are compared.

A first data set D1 and a second data set D2 may be groups of
measured data points. Each data point may be understood as a
vector with a plurality of dimensions, all having data values of
possibly different types. In measurements relating weather, for
example, one data point may comprise values for the following
quantities: temperature, pressure, humidity, wind direction,
wind strength as well as date and time and a geographic
position. A group of such data point vectors may be a starting
position for developing a data mining model, for example, a
weather model for forecasting the weather conditions of the next

day, starting from the group of data point vectors as explained.
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Data points (records) in the first and second data sets D1, D2
may contain values of same gquantities; e.g. they may represent a
full set of measurement results in two different time instances
or in two different locations. The data sets D1, D2 may even be
a single same data set. However, it is possible that the data
points in the first data set D1 and the second data set D2
contain different numbers of quantities or different quantities.
For example, the first data set D1 may contain humidity wvalues
as part of its records whereas the second data set D2 lacks
humidity values. The first data mining model M1 is the outcome
of a first data mining task on the first data set D1, and the
second data mining model M2 relates similarly to the second data
set D2. To compare the data mining models M1 and M2, a common
input data set X may be needed. This input data set X may be
generated based on the original data sets D1, D2 and/or the data
mining models M1, M2. One option may be to select records from
D1 and/or D2. Records of this input data set need to contain
values for at least those guantities that both the first data
mining model and the second data mining model regquire as input.
The input data set X may be identical to one or both (if D1,D2

are the same data set) of the original data sets D1, D2.

The data mining models M1 and M2 may provide different
predictions. This is the case, if the first and second data
mining tasks Tl, T2 are different (e.g. clustering task,
classification task, regression task), but may also occur for
identical tasks, for example if M1 contains clusters Al, Bl, and

Cl, while M2 contains A2 and B2.

M1 provides a set of first prediction values (e.g. a number of
clusters) and M2 provides a set of second prediction wvalues
(e.g. a different number of clusters; a prediction based on
regression; a set of labels/classes). To be able to compare M1

and M2, there needs to be provided a relation R between the set
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of first prediction values and the set of second prediction
values. This relation R may be the identity relation, if the set
of first prediction values is identical to the set of second
prediction values.Some further examples of such relations are
given below in the detailed examples. Based on those examples,
it is clear to a skilled person how to create such relations.
Even if the mining tasks T1l, T2 are the same mining task, the
resulting data mining models M1, M2 may be different as the data
sets D1, D2 may be different, or because the algorithms or their
parameterizations may be different. The approach explained in
this patent application can thus also be used to compare data
mining models M1, M2 relating to mining tasks T1l, T2 that are

the same mining task.

Furthermore, the comparison of the data mining models M1 and M2
uses probabilities that M1 and M2 assign to the prediction
values relating to the input data set records. The comparison of
probabilities enables comparison of data mining models that are
structurally different or relate to different mining tasks (e.qg.
two regression models using different highest orders of

polynomials; a clustering model and a regression model).

We refer again to the original data sets D1, D2. Each numeric
dimension of the data point vectors has two extreme values,
i.e., a highest value and a lowest value. All extreme values
define a domain of interest. Consequently, all data point
vectors of the dataset are within the domain of interest.
Mathematically, the domain of interest defines the space of all
data point vectors or simply the space of the dataset. It is
known to those skilled in the field how to extend this

definition to categorical dimensions.

A data mining model, once being defined, may also generate a
complete new dataset following the rules of the original data

set. This may be useful, if the original data point wvectors are
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no longer available. In such a case, a new dataset may be
generated using the specific data mining model. Here, however,
it is also possible that some of the data point vectors may be
outside the boundary, e.g., have a data value in one or more
dimensions with a value that is slightly outside the
corresponding extreme values. Also those data point vectors may

be qualified to be used for comparing the data mining models.

The input data set X may thus contain (some or all) records from

the original data sets D1, D2, and/or it may contain records

generated based on the data mining models M1, M2. In some cases,

the input data set X may be equal to either D1 or D2 (or all

three sets may be equal).

Each data point vector X, in the input data set X may be

represented by

The values vi, V2, .., Vyx may represent the values discussed above

in the weather model, i.e., vi may represent a value for a
temperature, vy, may be a value for a pressure, etc. In other

applications, other values may be used.

The input dataset X may be represented by a k by n matrix
comprising n data point vectors, wherein each data point has k
dimensions, meaning that k different scalar measurement values

have been taken for each data point:

X1

=

2

=
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A universal model may be understood as a matrix with the
dimensions n by k+2, wherein M1 and M2 are the two data mining
models to be compared and each data mining model M1, M2 provides

a prediction for one quantity:

551 Ml(fl) MZ()?I)

fz A41(£2) Afz(fz) (3)

=

M (x,) M,(x,)

n

Each value M. (Vi,1, Vi,2, .., Vi,x) may be a probability distribution

w rr AV

1

rr

P., wherein “a” equals 1 or 2 and wherein represents the i-th
data point vector. For clustering and classification this
distribution is a discrete probability distribution, for

regression 1t may also be a continuous probability distribution.

In more complex situations, these probability distributions are
not based on identical sets of possible values or identical
numeric ranges for both models. In this case, the universal
model also contains a relation R, to match these distributions.
This can, for example, be represented by a joint distribution of

the Cartesian product of the individual possible values.

It may be assumed that in the simple weather model the matrix
value at the column k+1 in the first row, M,(X,), represents a
probability distribution of weather conditions for tomorrow.
Possible weather conditions may include “sunny,” “clouded” or
“rainy.” For example, the probability distribution may be

represented as {60% sunny, 30% clouded, 10% rainy}.

According to another data mining model M., the predicted

distribution M,(X,) may be {80% sunny, 10% clouded, 10% rainy}.
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In the simplest way, a distance measure may be the sum of
absolute differences between the pairs of probability wvalues,
i.e., ]0.6 - 0.8] + ]0.3 — 0.1] + [0.1 — 0.1] = 0.4. Alternative

difference measures include the Kullback-Leibler divergence.

One preferred embodiment, when dealing with different possible
values in both distributions, is to transform M,(X,) to the
values of M,(X,) or vice versa. This may be achieved by
calculating the conditional probabilities from the joint
distribution and multiplying them with the distributions
calculated by the two original models.

As an example, assume that M,(X)) = {60% sunny, 30% clouded, 10%
rainy} and M,(X) = {30% Sun, 20% Partly cloudy, 30% Overcast,
20% Light rain, 0% Heavy rain}. Apparently, the models make
different forecasts, but also use different terms. Often there
may be a one-to-one mapping between these terms, but in general,
a more complex relation is necessary. The following matrices
show how the meanings of the two different sets of terms overlap

(relation R):

Sun | Partly | Over- | Light | Heavy

Cloudy | cast rain rain

sunny 0.8 0.2 0 0 0
clouded 0 0.3 0.6 0.1 0
rainy 0 0 0.1 0.5 0.4

For example, when the term “clouded” is used by the first model,
it corresponds to “Partly cloudy” with 30%, to “Overcast” with
60% and to “Light rain” with 10% likelihood. The prediction of
model M1 can now be transformed to the foreign terms by matrix
multiplication as Aﬁ(ﬂ) = {48% sun, 21% partly cloudy, 19%
overcast, 8% light rain, 4% heavy rain}. The distance can now be
calculated in the usual way using M,(¥,) and M,(X,) which have

identical sets in their probability distributions.
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If numeric predictions are involved, the relation R may use

intervals rather than individual numbers.

The matrix (3) in conjunction with the relation R may be named
universal model. For a skilled person, 1t is clear that the
universal model should not be intermixed with other known data
mining models. Basically, the universal model represents the
data set, i.e., the data point vectors, and predictions of the
different data mining models to be compared. The relation R may

be needed to match elements of the probability distributions.

In a next step, a matrix (4) of the dimension n by k+3 may be
built, wherein the column k+3 holds distances d,, , (¥,) between

the two values at the positions k+1 and k+2 of the matrix (4):
Xy M (X)) My(x) dy o, (5)

F,OM(5,) MR dy o, (5) "

=

Ml()_én) MZ(in) dMl,MQ(fn)

n

As already discussed above, this distance measure d, , may be a
simple distribution comparison, but in a more complex case it
may involve the usage of the relation R to map between the

probability distributions.

It 1is also clear that the universal model may use a different
number of matrices. As one example, a first matrix may contain
the input data set X, a second matrix the predictions from M1, a
third matrix the predictions from M2, a fourth matrix the

relation R, and a fifth matrix the distances d.
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Finally, a subset S of the domain of interest may be defined.
This may be seen as a selection of different rows of the matrix
(4). It may be helpful to use a sorting process of the rows of
the matrix (4) according to the wvalue of the last column. Those
data point vectors in a predefined range, e.g., the rows with
the largest 20% of all “column- (k+3)-values”, may define a set
of data points with similar difference characteristics, e.g.,
the highest distance measure between the two compared data
mining models. Visualization techniques frequently fail to
describe such sets of individual data points adequately due to

the large number of dimensions.

Therefore, instead of simply sorting the matrix, it may be
preferable to apply a predictive data mining algorithm
identifying patterns in the (expected) distance values to create
a “distance model.” Such a model usually may contain the
description of regions that are connected in the space of the
input dimensions. Regions of interest may then be the regions
with the largest average distance between the models. However,
also other distance measure criteria may be used, e.g., the
region or regions with the lowest distance measure or any other

predefined value range of a distance measure.

Using visualization techniques related to the learning
algorithms that may be applied, the region or regions determined
in such a way may be visualized. A visualization with two or
three independent variables may be straightforward. A
visualization involving more than three dimensions may require

additional mappings.

In the context of this application the following expression

conventions have been followed:

Data mining - The term data mining may denote an analytic
process designed to explore large amounts of data in search for

consistent patterns and/or systematic relationships between
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variables, and then to validate the findings by applying the
detected patterns to new subsets of data. Thus, data mining may
generally be denoted as a process of extracting patterns from
data. Data mining is becoming an increasingly important tool to
transform data into information. It is commonly used in a wide
range of profiling practices, such as production quality control
and optimization, fraud detection, surveillance, but also in

marketing and scientific discovery.

Data mining can be used to uncover patterns in data, but is
often carried out only on samples of data. The mining process
may be ineffective if the samples are not a good representation
of a larger body of data. Data mining may not discover patterns
that may be present in the larger body of data if these patterns
are not present in the sample being "mined”. Inability to find
patterns may become a cause for some disputes between different
production facilities. Therefore, data mining is not foolproof,
but may be useful i1if sufficiently representative data samples
are collected. The discovery of a particular pattern in a
particular set of data does not necessarily mean that a pattern
is found elsewhere in the larger data from which that sample was
drawn. An important part of the process is the verification and

validation of patterns on other samples of data.

Data mining model - A data mining model may denote an abstract
or mathematical model of a group of somehow interrelated data
points. The model may allow a prediction of data points to be
part of a data region based on a certain probability. Different
data mining models may be used, e.g., regression models,
clustering models, categorization models, rule determination
models, etc. A skilled person knows when to use which model.
Sometimes different models may be applied to the same data set.
This may be the case in situations, in which it is not obvious
which data mining model may be the most appropriate one.

Especially in those cases, it may be advantageous having a
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method and an engine to compare the behavior of different data

mining models in different regions of a dataset.

Region - A region may denote a connected mathematical space with
a defined boundary of data point vectors of a given dataset.
This way, the complete dataset defines a mathematical data point

space. The boundary may be seen as a hypersurface.

Universal model — A universal model may denote a matrix like the
matrix (3) comprising all data point vectors and results of the
data mining models applied to individual data point vectors. It
further comprises a relation between the members of the

predicted probability distributions.

Distance measure - A distance measure may denote a difference
between results of different data mining models for the same
data point vector as input value. In the simplest way, a
distance measure may be the sum of absolute differences between
the pairs of probability values. Alternative difference measures
include the Kullback-Leibler divergence. A distance measure may
also include extending the distributions returned from both
models so that they are defined on the same values, using a

relation between predictions (maybe a joint distribution).

In the numeric case, the probability distribution may have
different forms, like a Gaussian distribution curve, a Poisson
distribution curve, or others. For easier comparison and for
building a distance measure, the probability distribution curves
may be approximated in an area around the expectation wvalues
generated by the different data mining models, and a mean value
of such approximations may then be compared and may build the
distance measure. A distance function built that way may be

described as a probabilistic distance measure.
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The above-described method for running a data mining comparison
engine and the associated data mining comparison engine may

offer some advantages.

The inventive method may allow a comparison of data mining
models that are independent of the structure of the original
data mining models to be compared. It may also ensure that the
comparison method remains statistically relevant and may not be
biased by the initial structure of the data mining models. And
it may enable flexible learning and visualization of results of

the comparison process.

Thus, a general approach for comparing data mining models
regardless of their types is provided. Besides comparing two
data mining models built by two different experts, the inventive
method may allow for several other applications. One may be
tracking of data mining models over time. Data mining models may
be built at regular intervals, for instance, each month. Then it
may be possible to compare how the data mining models built on
updated data sets relate to the data mining model derived from a

previous month.

Another common application may be building data mining models
for different subsets of a whole dataset, e.g., in a production
type environment only production data from a specific day of the
week. This may then reveal how and why the production quality
may differ during the course of the week, e.g., that on Mondays,
the production quality is low for one product while for other

products another day in a week yields lower production quality.

Data mining techniques are used in many areas of scientific
research and in different areas of the industry. Some examples
are:

(a) Weather forecast models as already briefly mentioned.
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(b)

Production quality comparison for similar products from
different production sites or at different times.

Spare part reliability comparison: Input values for
related data mining models may comprise age of a part,
production site, used in product, probability to fail
during the next defined time period.

0il and natural gas exploration: The probability for
finding natural resources depends on many input
variables. Different data mining models may deliver
different results. A comparison may uncover higher
changes for better exploration results.

Credit industry: Data mining models may be used to
predict credit risks based on different characteristics
of the credit user such as age, income, family status,
earlier credits, annual income, etc.

Buying behavior analysis and prediction: Data mining
models may be used to predict buying behavior of
customers based on historic buying patterns and other
personal criteria.

Seismic methods in volcano research for eruption
prediction: This application of the data mining model
comparison may enhance security of people living near a

volcano.

For all those data mining application areas and others, a
comparison methodology between different data mining models may

be very helpful in order to generate better predictions.

Different embodiments of the method for running a data mining
model comparison engine may be advantageous in application areas

different from the above mentioned.

In one embodiment of the method, the probabilistic distance
measure is a measure for comparing univariate probabilistic

distributions. This means that only one variable is observed as
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dependent variable for the probabilistic distributions. This may
make the calculation of a distance measure more feasible and
easier to interpret. In multivariate probabilistic
distributions, an interpretation of differences between
different data mining models is more complex and also
visualization becomes more complex. In another embodiment of the
method, the univariate probabilistic distance measure may be an

L1 metric.

In yet another embodiment of the method, the user may be
interested in a predefined value range of the distance measure.
The predefined value range may either be the lowest value of the
distance measure of all regions or the highest value of the
distance measure of all regions. However, other predefined
distance measure ranges may be specifiable. Typically, a skilled
person may choose the sub-region or the sub-regions with the
highest difference, i.e., the biggest distance measure, between

the data mining models to be compared or visualized.

As discussed above, the data mining models M1, M2 may belong,
each individually to one data mining task out of the group
comprising classification, regression and clustering. Here an
advantage of the inventive method may become clear again, as
different types of data mining models may be compared. A skilled
person understands that classification, regression and
clustering are completely different data mining approaches that

may not be compared directly.

In another embodiment of the method, the method may also
comprise a statistical test ensuring a statistical significant
distance measure. The statistical significance of a result is
the probability that the calculated distance measure has
occurred by pure chance, and that in the population from which
the sample was drawn, no such differences exist. Using less

technical terms, we may say that the statistical significance of
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a result may tell something about the degree to which the result
is "true" (in the sense of being "representative of the
population”). More technically, the p-value represents a
decreasing index of the reliability of a result. The higher the
p-value, the less one may believe that the observed distance
measure in a region may be a reliable indicator of the distance
measure. Specifically, the p-value represents the probability of
an error that may be involved in accepting calculated wvalues of
the distance measure as valid, that is, as "representative of
the population."” For example, a p-value of 0.05 may indicate
that there is a 5% probability that the distance measure found
in a sub-region is a "fluke". In many areas of research and
industrial application, the p-value of 0.05 is customarily

treated as a "border-line acceptable" error level.

Furthermore, a computer or computer system may comprise a data
mining comparison engine as described above and referring to the
method for running a data mining comparison engine for comparing

measured data point vectors.

It should be noted that embodiments may take the form of an
entire hardware implementation, an entire software embodiment or
an embodiment containing both, hardware and software elements.
In a preferred embodiment, the invention is implemented in
software which includes, but is not limited to, firmware,

resident software and microcode.

In one embodiment, a data processing program for execution in a
data processing system is provided comprising software code
portions for performing the method as described above when the
program is run on a data processing system. The data processing

system may be a computer or computer system.

Furthermore, embodiments may take the form of a computer program

product, accessible from a computer-usable or computer-readable
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medium providing program code for use, by or in connection with
a computer or any instruction execution system. For the purpose
of this description, a computer-usable or computer-readable
medium may be any apparatus that may contain means for storing,
communicating, propagating, or transporting the program for use,
by or in a connection with the instruction execution system,

apparatus, or device.

The medium may be an electronic, magnetic, optical,
electromagnetic, infrared or a semi-conductor system for a
propagation medium. Examples of a computer-readable medium may
include a semi-conductor or solid state memory, magnetic tape, a
random access memory (RAM), a read-only memory (ROM), a rigid
magnetic disk and an optical disk. Current examples of optical
disks include compact disk-read only memory (CD-ROM), compact

disk-read/write (CD-R/W), DVD and Blue-Ray-Disk.

It should also be noted that embodiments of the invention have
been described with reference to different subject-matters. In
particular, some embodiments have been described with reference
to method type claims whereas other embodiments have been
described with reference to apparatus type claims. However, a
person skilled in the art will gather from the above and the
following description that, unless otherwise notified, in
addition to any combination of features belonging to one type of
subject-matter, also any combination between features relating
to different subject-matters, in particular between features of
the method type claims, and features of the apparatus type

claims, 1s considered as to be disclosed within this document.

The aspects defined above and further aspects of the present
invention are apparent from the examples of embodiment to be
described hereinafter and are explained with reference to the
examples of embodiment, but to which the invention is not

limited.
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BRIEF DESCRIPTION OF THE DRAWINGS

Preferred embodiments of the invention will now be described, by
way of example only, and with reference to the following

drawings:

Fig. 1 shows a block diagram of the inventive method for

running data mining comparison engine.

Fig. 2 shows a more detailed block diagram of steps of the

inventive method.

Fig. 3 shows a different perspective of details of the

method for running a data mining comparison engine.

Fig. 4 shows a block diagram of a data mining comparison

engine according to an embodiment of the invention.

Fig. 5 shows a flow chart of how to determine displayable

regions.
Fig. 6 illustrates a computer system comprising a data

mining comparison engine according to an embodiment of the

invention

DETATLED DESCRIPTION OF EXAMPLARY EMBODIMENTS

In the following, a detailed description of the figure will be
given. All illustrations in the figures are schematic. Firstly,
a block diagram of the inventive method for running a data

mining comparison engine will be described. Afterwards,
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embodiments of a method and a data mining comparison engine will

be described.

Fig. 1 shows a block diagram of the inventive method 100 for
running a data mining comparison engine for comparing measured
data point vectors. The method may comprise providing opticnally
a first data dataset D1 and a second data set D2, 102,
comprising the measured data point vectors. A first data mining
model M1 and a second data mining model M2, 102 are results of
carrying out the data mining tasks T1l, T2 on D1, D2. In some
embodiments, it is sufficient that just M1, M2 are provided in
102. Block 104 may illustrate determining the relation R between
the prediction values of M1 and M2. Rlock 106 may illustrate
determining the input data set X. In block 108, the data mining
models M1, M2 are applied to records of the input data set X. A
calculation of a distance measure using a distance function d(x,
M1, M2) may be illustrated by block 110. Finally, block 112 may
represent determination and displaying of at least one region of
interest having a value of the distance measure fulfilling a

predefined condition.

Using this method may solve the following tasks: A company may
produce a product P, which may be produced in several production
sites. Part of the production may be defective, and the company
may create data mining models in each production site and at
several points in time to predict whether a finished product may
be defective. In order to make a prediction, a number of
measurements may be made resulting in data point vectors, such
as room temperature, humidity, time of day, day of week,
velocity of production belt, energy consumed by heating unit,

etc.

Using a predictive model, potential reasons for failure may be

detected, and in the case of more complex reasons, it may be
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possible to react before a failure occurs, when one or more of

potentially critical situations arise.

In order to detect differences between production sites, the
company may want to compare the respective data mining models
and may determine situations that are likely to lead to failure
in one site, but have no negative effect in another. Similarly,
changes over time may be detected, e.g., one data mining model
may have been created before a certain machine has been replaced

and another data mining model afterwards.

Fig. 2 may illustrate a more detailed block diagram 200 of steps
of the inventive method. As input values X, 204 for the data

mining models M1 206 and M2 208, two options may be available.
Either the input values may be measured data point vectors, or,
new data point vectors may be generated using the existing data
mining models M1 206 or M2 208, or both. A record generator or

data point vector generator 202 may illustrate that.

In a next step, the input values or data point vectors are used
by a probabilistic scorer 210 for Ml. Additionally, also M2
performs a probabilistic scoring by probabilistic scorer 212.
The first probability distribution 214 and the second
probability distribution 216 are the results of the

probabilistic scoring. Next, a probabilistic distribution

comparator 218 calculates a distance measure d,, . (X)) 220.

In another step 222, it may be checked whether in the regions of
interest the differences in the predictions are statistically
significant based on the distance measure. The distances may
also be compared to and filtered by a predefined value range.
Finally, the regions that comply with the predefined wvalue range
may be displayed, 224, to a user for further action and

decision.
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Fig. 3 shows a different perspective 300 of details of the
method for running a data mining comparison engine. Block 302
may illustrate a step of a record generator for generating an

AV

input data set X with data point vectors X, 304, wherein “i” may
run from 1 to n. Each data point vector 304 may have k
dimension, meaning that k individual values or data elements may
be relevant for each vector. Starting from the dataset X and the
provided data mining models M1, M2, a probabilistic scorer 308
may generate a combined scored dataset, represented by matrix
306. This may be named a universal model. This matrix may
comprise k+2 columns, i.e., the original data point vectors as
well as results of an application of data mining models M1 and
M2 to the data point vectors. These applications are positioned
in matrix 306 in column k+1 and k+2, respectively. Note that in
general, the universal model also comprises a relation R between

the predictions of M1 and those of M2.

Next, a probabilistic distribution comparator 312 may be

required to calculate a compared data set 310. In the matrix
310, additionally, a distance measure d,, , (¥,) may be included in

a column k+3. Block 314 may represent a machine learning
algorithm in order to determine sub-regions of the original
input data set X that may be built by the space of all data
point vectors. Finally, step 316 may represent a semantic
binding and visualization of the sub-region or sub-regions that
comply with a predefined value range of differences between the
two compared data mining models. Typically, a sub-region or sub-
regions with the largest differences may be displayed. However,
a skilled person may understand that also sub-regions with other

characteristics may be selected.

Fig. 4 shows a block diagram of a data mining comparison engine

400 according to an embodiment of the invention. There may be
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provided a providing unit 402 adapted for optionally providing
first and second datasets D1, D2 of measured data point vectors.
The providing unit may also provide a first data mining model
M1, and a second data mining model M2. A relation determining
unit 404 may determine the relation between the set of first
prediction values provided by M1 and the set of second
prediction values provided by M2. This functionality may also be
part of the unit 402. An input data set unit 406 may determine
the input data set X, which is some cases may be one of the data
sets D1, D2 as discussed above. Additionally, a calculation unit
408 may be available adapted for calculating a universal model
based on the first and the second data mining models and the
input dataset. A second calculation unit may be adapted for
calculating a distance measure using a distance function d(x,
M1, M2) based on the universal model between the first data
mining model M1 and the second data mining M2. The first and
second calculation units may be provided as a single calculation
unit. A region building unit 410 may be adapted for finding
regions within the input data set X based on distance measure
values. Moreover, a determination and displaying unit 412 may be
adapted for determining and displaying of at least one region

having a predefined value range of the distance measure.

In the context of Fig. 1 and Fig. 4 it should be noted that a
distance function d(x, M1, M2) may be calculated, wherein x may
be any measured data point vector. Alternatively, also other
data point vectors may be used that may be within or near the
domain of interest, e.g., those data point vectors having been
generated using the first data mining M1 or the second data

mining model M2,

Fig. 5 shows a flow chart of how to determine displayable
regions. Initially, a working set of a best region is empty,
502. Then, as a first best region, the complete dataset may be
used, 504. The next two steps may be repeated until stop

criteria may be met, 510: a) Selecting a region with the lowest
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distance measure and then splitting this region into two or more
sub-regions, 506; b) Storing tuples as part of the resulting
working set of the best region, wherein the tuples may comprise
regions defined by their boundaries along with the corresponding

distance measure, 508.

Finally, those tuples may be removed from the working set that
may not show any statistical relevancy, 512. Additionally, those
tuples having distance measures below a predefined threshold

value, may be removed, 514, before displaying.

Embodiments of the invention may be implemented on virtually any
type of computer, regardless of the platform being used, that is
suitable for storing and/or executing program code. For example,
as shown in Fig. 6, a computer system 600 may include one or
more processor(s) 602 with one or more cores per processor,
associated memory elements 604, an internal storage device 606
(e.g., a hard disk, an optical drive such as a compact disk
drive or digital video disk (DVD) drive, a flash memory stick,
etc.), and numerous other elements and functionalities typical
of today's computers (not shown). The memory elements 604 may
include a main memory, employed during actual execution of the
program code, and a cache memory, which provides temporary
storage of at least some program code or data in order to reduce
the number of times, code must be retrieved from external bulk
storage 616 for an execution. Elements inside the computer 600
may be linked together by means of a bus system 618 with
corresponding adapters. Additionally, a data mining model

comparison engine 400 may be attached to the bus system 618.

The computer system 600 may also include input means, such as a
keyboard 608, a mouse 610, or a microphone (not shown).
Furthermore, the computer 600, may include output means, such as
a monitor 612 [e.g., a liquid crystal display (LCD), a plasma
display, a light emitting diode display (LED), or cathode ray
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tube (CRT) monitor]. The computer system 600 may be connected to
a network (e.g., a local area network (LAN), a wide area network
(WAN), such as the Internet, or any other similar type of
network, including wireless networks via a network interface
connection 614. This may allow a coupling to other computer
systems. Those, skilled in the art will appreciate that many
different types of computer systems exist, and the
aforementioned input and output means may take other forms.
Generally speaking, the computer system 600 may include at least
the minimal processing, input and/or output means, necessary to

practice embodiments of the invention.

Further, those, skilled in the art will appreciate that one or
more elements of the aforementioned computer system 600 may be
located at a remote location and connected to the other elements
over a network. Further, embodiments of the invention may be
implemented on a distributed system having a plurality of nodes,
where each portion of the invention may be located on a
different node within the distributed system. In one embodiment
of the invention, the node corresponds to a computer system.
Alternatively, the node may correspond to a processor with
associated physical memory. The node may alternatively
correspond to a processor with shared memory and/or resources or

a smartphone.

Further, software instructions to perform embodiments of the
invention may be stored on a computer readable medium, such as a
compact disk (CD), a diskette, a tape, or any other computer

readable storage device.

While the invention has been described with respect to a limited
number of embodiments, those, skilled in the art, having benefit
of this disclosure, will appreciate that other embodiments can

be devised, which do not depart from the scope of the invention
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as disclosed herein. Accordingly, the scope of the invention

should be limited only by the attached claims.

It should also be noted that the term “comprising” does not

w w rr

exclude other elements or steps and Y“a” or “an” does not exclude
a plurality. Also, elements described in association with
different embodiments may be combined. It should also be noted
that reference signs in the claims should not be construed as

limiting elements.
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CLAIMS

1. A method for running a data mining model comparison engine
for comparing a first data mining model and a second data mining
model, said method comprising
providing a first data mining model M1 representing results
of a first data mining task on said first data set D1, said
first data mining model providing a set of first prediction
values;
providing a second data mining model M2 representing
results of a second data mining task on said second data set D2,
said second data mining model providing a set of second
prediction values;
providing a relation R between said set of first prediction
values and said set of second prediction wvalues;
determining an input data set X;
carrying out the following steps on at least a first record
of the determined input data set:
creating a first probability distribution based on the
first data mining model applied to the first record, said
first probability distribution associating probabilities
with said set of first prediction wvalues;
creating a second probability distribution based on
the second data mining model applied to the first record,
said second probability distribution associating
probabilities with said set of second prediction values;
calculating a distance measure d for said first record
using the first and second probability distributions and
the relation;
determining at least one region of interest based on the

distance measure d calculated for records of the input data set.
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2. Method of claim 1, wherein said first data mining model and

sald second data mining model are structurally different.

3. Method of claim 1 or 2, wherein said first data mining task

is different from said second data mining task.

4. Method of any preceding claim, wherein said first data mining
task and said second data mining task are each individually one

of the following: classification, regression, clustering.

5. Method of any preceding claim, wherein said distance measure

is calculated using a probabilistic distance measure.

6. Method of claim 5, wherein said distance measure is an L1

metric.

7. Method of any preceding claim, comprising visualising of at

least one region of interest to a user.

8. Method of any preceding claim, wherein said at least one
region of interest consists of records of the input data set

having a distance measure fulfilling a predefined criterion.

9. Method of any preceding claim, wherein the method also
comprises a statistical test ensuring a statistically

significant difference based on the distance measure.

10. A data mining comparison engine (400) comprising

- a providing unit (402) adapted for providing a first data
mining model M1 providing a set of first prediction values and a
second data mining model M2 providing a set of second prediction
values, said first data mining model M1 representing results of
a first data mining task on a first data set Dl and said second
data mining model M2 representing results of a second data

mining task on a second data set D2, where the providing unit
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also is adapted for providing a relation R between said set of
first prediction values and said set of second prediction
values;
- an input data set unit (406) adapted for determining an input
data set X;
- a calculation unit (408) adapted for calculating for each
record of said input data set:
a first probability distribution based on the first data
mining model, said first probability distribution
associating probabilities with said set of first
prediction values;
a second probability distribution based on the second
data mining model, said second probability distribution
associating probabilities with said set of second
prediction values;
calculating a distance measure d for said records using
the first and second probability distributions and the
relation;
- a region finding unit (410) adapted for determining at least
one region of interest based on the distance measure d

calculated for records of the input data set.

11. Data mining comparison engine of claim 10, further
comprising a determination and displaying unit (412) adapted for
displaying at least one region of interest based on a predefined

value range of the distance measure.

12. A computer system (600) comprising the data mining

comparison engine (400) according to any one of claims 10 to 11.

13. A data processing program for execution in a data processing
system (600) comprising software code portions for performing a
method according to any one of the preceding claims 1 to 9 when

salid program is run on a data processing system (600).
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14. A computer program product stored on a computer usable
medium, comprising computer readable program means for causing a
computer (600) to perform a method according to any one of the

claims 1 to 9 when said program is run on the computer (600).
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