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This thesis consists of an introduction and the follo ing pu lications:

Esa Alhoniemi, ohan Him erg and wuha Vesanto 1 |
une Pro a ilistic easures for Responses of Self Organi ing ap Units In

, ICSC Academic Press,pp 2 2 0
This paper deals ith forming a kernel density estimate ena ling one to
uantify the response of the SO  units to presented data samples in a pro
a ilistic manner The density estimates ere compared ith those produced
y Gaussian i ture odel G and y S ap algorithm The G pro
duced est results, ut the estimates ased on SO proved to e good enough
to e applied for the intended purpose The author as responsi le for the im
plementation of S ap algorithm, wut contri uted also to other parts of the
pu lication

uha Vesanto 1, August SO ased Data Visuali ation
ethods In , Volume , Num er 2, Elsevier Science,
pp 111 12
In this paper, an overvie of SO ased visuali ation techni ues is pre
sented, along ith a fe ne techni ues The SO is found to e a versatile
tool for data visuali ation The techni ues are divided to three categories: vi
suali ation of clusters and the shape of the data manifold, visuali ation of the
varia les, and visuali ation of data on the map It is sho n ho di erent visu
ali ations can e linked together so that their interpretations can e com ined
Unfortunately some references ere missing from the original pu lication
from Ta les 1 and 2 An Errata page can e found after the pu lication In
addition, the gures of the pu lication have een reprinted

uha Vesanto and Esa Alhoniemi 2000 Clustering of the
Self Organi ing ap Accepted for pu lication in

This paper discusses clustering of the SO : hy it is important and ho
it can e done In the e periments, direct clustering of the data as compared
ith clustering ased on SO and the correspondence as found to e accept
a le The author as responsi le for agglomerative clustering of the SO  and
comparison et een direct and t o level clustering approaches, ut contri uted

also to other parts of the pu lication
The pu lication has not een printed, yet This version is the nal su mitted
version of the paper
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CRoss Industry Standard Process model for Data ining
Prepared Information Environment
est atching Unit
Kno ledge Discovery in Data ases
Learning Vector uanti er
Pro a ility Density Function
Self Organi ing ap
ulti Dimensional Scaling

the num er of map units prototypes
the num er of data samples
input space dimension
a vector in the input space
a sample vector from the input data set
th component of sample vector
distance et een vectors and  in the input space
distance et een the pro ections of
vectors and  in the output space
reference vector of neuron
the est matching reference vector of an input vector
location of neuron in the output space
neigh orhood kernel centered on unit
and evaluated at unit
the Voronoi region around unit
neigh orhood radius at time
learning rate at time
pro a ility density function of random varia le
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Data mining is a out nding ans ers from data To do this, a ide array
of methods is used ranging from relational learning to statistics and neural
net orks Strictly speaking, data mining is ust a part of Kno ledge Discov
ery in Data ases KDD 27, ut often and in this thesis as ell the t o
terms are used synonymously The purpose of KDD is to nd ne kno ledge
from data ases here the dimensionality, comple ity, or amount of data is pro
hi itively large for manual analysis This is an interactive process hich re uires
that the intuition and ackground kno ledge of application e perts are coupled
ith the computational e ciency of modern computer technology
The Self Organi ing ap SO is a neural net ork algorithm that
is ased on unsupervised learning It has properties of oth vector uanti a
tion and vector pro ection algorithms The SO has proven to e a valua le
tool in data mining and KDD ith applications in full te t and nancial data
analysis 2, 70, 20 It has also een successfully applied in various engineering
applications in pattern recognition, image analysis, process monitoring and fault
diagnosis , 2, , ,10
In previous ork, di erent SO ased techni ues used for data mining
ere investigated, and a soft are tool for using SO in data mining as pre
sented 10 In the case study  analysis of the pulp and paper industry of the
orld 11 , 100, 101 the SO proved to e an e cient tool for visuali a
tion Ho ever, there as a clear lack of post processing methods, i e tools for
uantitative analysis of the resulting SO  Since then, much research has een
done in the area
The purpose of this thesis is to discuss ays to make use of the SO in data
mining In the second chapter, the di erent phases of data mining are shortly
discussed and a frame ork called preparation survey cycle is introduced In the
third chapter the SO algorithm and some of its variants are introduced, and
the relation of SO to other idely used algorithms is discussed In the fourth
chapter, the application of the SO in di erent data mining tasks is discussed,
ith special attention given to data understanding

In this thesis, the ta le format data model is assumed: the num er of samples
may vary, ut the num er, type and meaning of speci ¢ varia les in the sample
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Figure 1 1: Ta le format data: there can e any num er of samples, ut all
samples have  ed length, and consist of the same varia les

are kno n eforehand, see Fig 11 Thisis ecause many modeling and analysis
algorithms, including the SO , assume such data model as opposed to rela
tional data model used y many data ases Not all data mining pro lems have
such simple data sets, ut usually the pro lem can e divided to smaller pro
lems, or the data transformed, such that the methodology is applica le 7 To
use the SO | the varia les should also e numerical, although some analysis of
sym olic varia les can e performed as ell Ho ever, the samples are allo ed
to have missing values
The thesis mainly concerns analysis of unordered samples In ordered data

sets the samples have a speci ¢ order or position on a special dimension, for
e ample time In analysis this dimension has an especially important role: close

y samples on this dimension are considered very closely related, and ma or
attention is given to variations in this local neigh orhood Familiar e amples of
ordered dats sets are time series and time se uences Also images are ordered
data sets: each pi el has a speci ¢ 2 dimensional position, uite apart from
the value of the pi el, hich needs to e taken into account  hile ordered data
sets are very important, the case of unordered samples is still more fundamental
The methods applica le to unordered samples can also e applied to ordered
samples



Data ining

Data mining is essentially a pro lem driven process: there is a uestion, a pro
lem, that needs an ans er, a solution The ans er is generally sought from
the data Of course, nding ans ers from data is an old research su ect ith
roots rmly in statistics As an independent research area data mining arose in
the 1 0s, and as a recogni ed industry it is only no  eginning to e esta
lished
In the past, the term data mining had a negative nuance It referred to the
danger of nding patterns from data even if none e isted: if one keeps looking
long enough, something is ound to come up In late 1 0 s and especially in
1 0s the term as given a di erent meaning Advances in computing and
digital storage technology made it feasi le to create huge data ases, and the
term as an appropriate slogan for the task of nding the golden nuggets
from them
To facilitate the data mining process, there have een attempts to formal
i e it, especially the CRoss Industry Standard Process model for Data ining
CRISP D 1 illustrated in Fig 21 a The data mining process is a cycle
having several distinct steps, and a hole lot of ack ard loops In CRISP D
the steps are usiness understanding, data understanding, data preparation,
modeling, evaluation and deployment The ack ard loops e ist ecause any
step of the data mining process can produce ne insights that ena le any of the
previous steps to e done etter This is important ecause the rst steps form
the foundation for the later steps: if they are not done ell, the later steps only
ecome that much harder
InFigs21 and ¢ aret o other process models for data mining 12, 7
Although the names are slightly di erent the same overall ideas are present in
all three process models: rst the pro lem and data are de ned, then the data
is prepared and models are uilt and evaluated Finally, the ne kno ledge is
consolidated and deployed to solve the pro lem
The modeling step is central in data mining ecause the solution to the
pro lem is asically speci ed at that point The solution may e a predictive
model of form
21

here isinput data, are model parameters and is the output: continuous
in case of a regression pro lem, one from a small set of possi le output values
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Figure 21: a CRISP D : process model for data mining, rachman s
KDD process and ¢ Pyle s model uilding outline oth of the latter process
models have een simpli ed



Figure 2 2: Relation of domain kno ledge, data and the pro lem

in case of a classi cation pro lem 17  esides these, the desired solution may

e more descriptive in nature: a segmentation or clustering of the data into a
set of distinct classes, analysis of certain properties like dependencies et een
varia les, or an estimate of the pro a ility density function of the data These
latter solution types are more e ploratory in nature and are typically desira le
in the early iterations of data mining In a very general sense a model is some
thing that indicates the essential features of the modelled o ect, and thus the
descriptive solutions can also e called models

In data mining the models are usually learned from data 17, as opposed
to rst principle models, here the ehaviour of the o ect is predicted using
kno nla s of nature or other domain kno ledge Domain kno ledge can, and
should, e used in the data mining process, ut data is used at least to tune the
parameters of the solution The success of data mining process depends highly
on the uality of the data
In this chapter, the data mining process is overvie ed using the CRISP D

model as the asis 1  Also 7 discusses the general characteristics of the
data mining process, although it mainly concentrates on data preparation, see
Section 2  Data modeling is handled very rie y in Section 2 , although it is
perhaps the most throughoutly discussed issue in the literature, see for e ample

, 17, 1,2, 0 The chapter ends ith presentation of preparation survey

cycle, an important aspect of data mining

Data plays a central role in the data mining process Ho ever, ra data
piles and piles of simple measurements, transaction records or log entries
is never self su cient Fig 2 2 illustrates this: domain kno ledge, or usiness
understanding, is needed to glue everything together

Understanding the pro lem domain is important in all phases of data mining
The miner is e posed to huge amounts of information in the form of visuali a
tions and statistical characteri ations not to mention the ra data itself He
or she has to make a lot of decisions a out hat to ignore and hat to pursue
further, and ho This is impossi le ithout appropriate kno ledge of hat
is interesting, suprising, or relevant ith respect to the pro lem that is eing



solved  ithout the necessary kno ledge, the miner is ust trashing around in
the dark
The usiness understanding step has three asic goals:

To e change essential of the pro lem domain and of the
possi ilities of data mining et een the pro ect participants In the ideal
case, the person doing the data mining is an e pert oth in the pro lem
domain and the data mining methods In such a case, it is relatively clear

hat uestions to ask and hich methods can e applied to get ans ers
to them Typically, though, the people that have the domain kno ledge
are di erent from those that have intimate kno ledge of the data mining
methods In such a case, the est results are achieved through the e tensive
involvement and interaction of oth parties

To de ne the rst in usiness terms and then as a speci c data
mining goal Ultimately, it is important to arrive at the right pro lem to
solve Pursuing ans ers to rong uestions y having the rong kind
of data or nding an unimplementa le solution is a ig danger if the
miner does not kno anything a out the usiness pro lem underlying the
data mining task A good pro lem has a useful and pro ta le solution,
and is solva le ith the availa le data The right pro lem is the one that
really ans ers the needs of the customer In practice, de ning the right
pro lem may take a fe data mining iterations ut even then starting
ith a good pro lem is essential to motivate all the associated parties

To de ne the form of the desired The desired solution pre
dictor classi er used y process engineers, a report or presentation to the
maintainance sta , a mathematical model for the research department,
a set of computer program s used y an e pert at his orkstation
guides the choice of data mining tools and the emphasis put on each In
addition to the form of the solution, some thought should e given to ho
it is going to e evalutated and nally deployed If the implementation is
unusa le, the hole data mining pro ect comes to naught

hile the solution to the de ned pro lem is the primary output of the data
mining process, it is not the only one The process also produces ne insights
and ideas of the pro lem domain and related issues Ho ever, these insights are
mainly ac uired y the miner  the one doing the data mining  not y the
receiving party ho only gets the delivera le Also for this reason participation
and interactivity et een the pro ect partners is very important

In CRISP D data understanding step is primarily concerned ith data col
lection and, as part of this, understanding the meta structure of the data: hat
data is availa le, hat is its source, form, structure and relia ility In data
mining, the data often has to e taken asis: it has pro a ly een gathered,
formatted and stored for purposes uite apart from data mining Understand




ing this purpose and the steps taken to reach it is very important, ecause
such procedures may introduce considera le ias into the data The follo ing
uestions may e helpful:

hat is the data set hierarchy If there are multiple data sets, ho are
they linked to each other

hat is the relia ility of di erent measurements Some measurements

may e correct at certain times, hile totally unrelia le at others It may

ethat itis etter tore ect certain measurements completely than to ring
their erroneous, possi ly dangerously iased information to the analysis

If something fundamental changes in the process along the ay, data e
fore and after the change may e completely incompara le In order to
get relia le analysis results, these kinds of data patches must e handled
separately

If aggregations com inations of several data items into a single aggregate
value, for e ample median are necessary, hat kind of aggregations ould
make most sense in solving the pro lem hat do the aggregates mean
in practice

The driving uestion of data collection is: can the data possi ly solve the
given pro lem Understanding the data gives a preliminary ans er to this ues
tion, and thus it guides data collection It is also needed to e a le to preprocess
the data appropriately, and to kno hen the models are relia le In addition
to kno ing the meta structure of the data it is important to get a feel of the
data manifold: the structure and shape of the cloud formed y the data set

hat are the di erent values of the varia les and their distri ution  hich
values are a typical hich of the values are important and hich are
errors

hat kind of values appear together  ecause human eye is a very sophis
ticated general purpose pattern recognition system simple visuali ations
like scatter plots and time series plots are important tools

Actually, understanding the data manifold is a task hich has to e under
taken again and again This aspect of data mining is discussed in more detail
in Section 2 7

Apart from the ra data, one also has to collect all necessary or useful
information of the pro lem: results of previous tests, technical reports, process
charts and theoretical kno ledge A good source of information are, of course,
the domain e perts The data miner should intervie them for hints of:

hat to look at,
hat to ignore,

hat is the valid and interesting range of results measurement values
and

hat kind of solution they ish for or ould e satis ed ith



Naturally, ust any data isn t good A good data set holds information rel
evant to the pro lem, and little else If possi le, a priori kno ledge should e
used to select important varia les for the mining process Ho ever, if uncertain
is it etter to take too many varia les than too fe It is part of the data min
ing process to eed out the unimportant or unrelia le varia les or to device
preparation methods that create relevant varia les from the e isting ones

In addition to varia les, the miner may have to leave out certain samples
Data selection and or sampling are necessary if there is so much data that using
all of it is not computationally feasi le, or if there are irrevoca ly erroneous
samples, or if the data set is 1iased in such a ay that it makes modeling
di cult or impossi le For e ample, consider the task of modeling faults in a
machine in operative use: there are so fe samples of faulty situations that they
are lost in the sea of samples from normal operation, and ecause of this the
modeling tool silently ignores them In this case it ould make sense to alance
the distri ution y leaving out most measurements of normal operation

Since data is one of the core components of data mining, it should e readily
availa le at the start of the pro ect In practice, though, data collection or

aiting for it may e one of the most time consuming parts of data mining
The original data set may e insu cient, and one has to return to collect more
data The data may have to e collected from a num er of sources, or from a
source that is only availa le y special re uest

Data preparation is a diverse and di cult issue It is so application dependent
that it is impossi le to give a universally valid speci cation of ho it should e
done Ho ever, some general guidelines can e given 7

The fundamental aim of data preparation is to make it easier to uild pre
cise and relia le models There e ists a ide array of di erent algorithms for
constructing models from data each ith their o n strengths and eaknesses

hile some modeling methods are universal appro imators eing a le to cap

ture e tremely comple interactions in the data, they can only do this given
enough data and computing time  hat is more, the models are generic in na
ture and cannot utili e domain kno ledge Only the human data miner can
transform the diverse and often vague domain kno ledge into speci ¢ prepa
ration procedures hich make essential information readily utili a le y the
modeling tool Succesful preparation ena les one to construct more relia le and
more understanda le models faster and ith less data

The preparation step has several aims:

To select varia les and data sets to e used for uilding the models
To clean erroneous or other ise uninteresting values from the data

To generate ne features hich capture interesting pro lem characteristics
etter than the original, ra data

To transform the data into a format hich the modeling tool can est
utili e

To de ne and implement a prepared information environment



Sometimes the availa le data is error free There are no typing errors, measure
ment failures or other possi le sources of clear cut errors ut typically the data
has erroneous values hich have to e corrected or removed from the data Some
modeling tools are more ro ust ith respect to erroneous values than others,
ut also their performance is degraded y errors
ecause the erroneous values are often very di erent from the rest ie
they are outliers  their impact on many modeling tools may e considera le
Fortunately, this makes it easy to nd them In sym olic data the erroneous
values may often e detected y their having only a fe instances, hile the
other values have hundreds of instances
There are several ays to deal ith samples ith erroneous values The
harshest option is to totally remove the sample in uestion from the data set
This may, ho ever, considera ly diminish the si e of data sets In addition the
amount of information a out the other varia les is lost Note that the presence
of erroneous values might not e completely random  hat if in the presence
of a high value in one varia le eg voltage the measurement device for an
other varia le reaks do n and produces an erroneous value y ignoring these
samples completely this information is lost A etter approach is to replace the
erroneous value either ith a real, estimated value, or ith a missing value
The latter, ho ever, is only applica le in case of those modeling tools that can
handle partial data
Another target for data cleaning is noise Noise, as opposed to simple errors,
is something that is an inherent part of the signal It e ists due to the random
nature of the orld: in continuous real orld measurements there is al ays some
variation around the e pected value Noise, like errors, is uninteresting from
the perspective of data mining Therefore, as part of data cleaning one should
someho get an idea of hat kind of noise the measurements e hi it, ho severe
it is, and if possi le devise some ay to get rid of it In signal processing, noise
is typically assumed to e additive, for e ample due to the imperfect nature
of the transmission channel Such noise can e removed y averaging several
measurements from the same o ect In other application areas, some other
kinds of aggregations may e more appropriate
Ordered data sets may e hi it ordered distur ances in the signal content
For e ample level changes steps and ramps  hich make one part of the ordered
data set completely di erent from the other parts Level change may e very
hard to handle ecauseit may e masked y noisein the data, or the change may
e slo In time se uences another pro lem are time delays Each data sample
in the prepared data set should correspond to one ell de ned o ect If there
are time delays in the system, construction of such samples may e pro lematic
since the measurements need to e collected from di erent moments in time

Often it is not possi le to collect data directly of the varia les that ould e
most interesting Ho ever, it may e possi le to capture the necessary infor
mation from some other varia les or from multiple measurements of the same
varia le Actually, the hole data mining process is often a out nding the cor
rect feature: the output of the nal model can e thought of as nothing more



than a complicated feature calculated from the ra data

Good features capture some essential properties relevant to the pro lem Of
ten the est place to go looking for good features is domain kno ledge: intuitive
kno ledge of the domain e perts or theoretical models from the domain liter
ature or pro lem documentation Other ise, one can ust try di erent kinds of
stu : linear and non linear transformations, Iters, di erences, etc There are
also formali ed approaches to feature selection 1 , 1

Transformations are necessary to convert the varia les to such a form that the
modeling methods can est utili e them For e ample, some modeling tools can
only utili e numerical information Furthermore, many of those use Euclidean
metric to measure distances et een data items For them, any sym olic vari
a les need to e transformed into numerical in such a ay that the metric makes
sense
Also some numeric varia les may need to e transformed Consider, for e

ample, an e ponentially distri uted varia le The ig values have huge impact
on the distance metric, even if they ould not e very interesting Using a log
arithmic transformation ould e sensi le in this case Some modeling tools
have even more strict re uirements on the data, like that all values need to e

et een ero and one  hile it is easy to scale the training data to e ithin
this range, ne data sets may hold values greater or smaller than those in the
original data These values may reak the model and produce invalid results
Non linear transformations, a sigmoid for e ample, may e of help in preventing
this E amples of transformation techni ues include:

linear transformations: scalings of single varia les or pro ections of multi
ple varia les

non linear transformations: histogram e uali ation, logarithmic, e ponen
tial or logistic scaling

uanti ation clustering

1 out of n, or m out of n, coding of sym olic varia les into a set of numer
ical varia les

mapping of sym olic varia les into numerical values
fu i cation of numerical varia les into categorial or sym olic

aggregates of multiple data instances median, mean, sum, variance, his
tograms, etc

any data sets are really collections or askets of connected samples, the
num er of hich cannot e kno n For modeling purposes, the information in
all connected samples needs to e collapsed into a single ed length sample
There are many options ho to do this The main ones are: 1 make a histogram
of some sort, 2 use average or some other statistical operation for the values
in each eld or device a sensi le  ed length concatenation of the samples
For e ample, sort the samples and use the concatenate of the ve rst as the
feature vector

10
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The data preparation procedure must e formali ed in such a manner that it can

e easily repeated and, if possi le, undone Such a de nition is called Prepared
Information Environment PIE 7, see Fig 2 It is important from three
vie points:

The iterative nature of data mining re uires that the preprocessing proce
dure can e easily recon gured and re e ecuted To understand the results,
it is essential to keep in mind hat the preparation procedure has een
On the other hand, unsuccesfull preparation steps need to e undone

In order to apply the models to ne data, the preparation procedure must
e e actly the same Other ise the results cannot e considered valid

Interpretation of preprocessed varia le values may e di cult Therefore,
there has to e some ay to transform the prepared values into the origi
nal type and scale Some transformations like lters are, of course, unin
verta le The output module of PIE has to de ne a sensi le ay to handle
them, too

The PIE also protects models from invalid data All possi le values are not
necessarily present in the training data Numerical varia les may e out of the
original value range, or a sym olic varia le may present a totally ne value for

hich no transformation e ists The input module of PIE may either report
and or discard data samples it determines as invalid

odeling is the step here the solution to the pro lem is found The previ
ous steps are asically preparation for modeling and the later steps deal ith
its practical implementation, ut the actual solution is speci ed at this step
This section is mostly concerned ith predictive model solutions see E 21
Ho ever, the presented principles hold for descriptive models, as ell

There are a num er of di erent model families, for e ample linear and polyno
mial regression models, neural net orks such as multilayer perceptron and radial
asis function net orks, support vector machines, fu y systems, classi cation
and regression trees, etc For further information the reader is encouraged to
e amine any of the numerous te t ooks on the su ect, for e ample , 17, 0

11



The prevailing vie is that there is no single est method for all pro lems
Each of the model families have their o n strengths and eaknesses For e am
ple, some model families have een sho n to e universal appro imators: ith
enough free parameters they can appro imate any continuous function ith ar

itrary precision Ho ever, this makes them also sensitive to noise ~ uch more
ro ust solutions can typically e achieved y using modeling methods hich
have een designed to deal ith the characteristics of the particular data and or
pro lem type

Consider varia le type, for e ample If the varia le is sym olic, the com
parison et een any t o values can only state hether they are the same or
di erent The di erence et een values 1 and 2 is no di erent from that e
t een 1 and 10 If, from the pro lem point of vie , this is indeed the case, some
modeling method designed to deal ith sym olic varia les ould e the est
tool, a rule ase for e ample:

Giving some meaning to the magnitude of di erence ould e misleading, or
even harmful On the other hand, if the magnitude of di erence is important
there s a linear dependency, for e ample  the rule ased method is clearly
de cient
In early iterations of data mining it is often advantageous to try several
di erent kinds of models The results give insight to the properties of the data,
and later on it is ene cial if there are multiple solutions to choose from

Di erent models are typically compared in terms of their accuracy The de ni
tion of accuracy should e speci ed eforehand, perhaps in the pro lem spec
i cation step For e ample, inary classi cation pro lems deal ith t o kinds
of errors: assignment of negative instance to positive class, and assignment of
positive instance to negative class In medicine, the latter kind of error is much
more serious, since e tra checks are much less of a pro lem than a disease left
untreated

Universal appro imators make very po erful modeling methods, ut care
should e taken as they are also prone to overtraining  hen models are over
trained, they start to learn noise in addition to the real structure and, thus,
loose their generali ation property Therefore, the model assessment should pay
attention to the comple ity of the model in addition to its accuracy 17

Some modeling methods regulari e their comple ity intrinsically They may
incorporate penalty terms for high comple ity in their error function, use aver
aging to cancel out ero mean noise, or the model elements may e so simple
that the models cannot ecome very comple , a linear model for e ample Reg
ulari ation can also e done using t o sets of data One is used for training
the model, and the other is used for validating the generali ation a ility of the
model  hen the error ith validation set starts to increase, the training is
stopped

To actually assess the model, a test data set is often used This set is not
used at all during the training It is supposed to represent a true data set, and
thus the error ith test set is the true error of the model
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A more relia le estimation of the generali ation a ility of the model can

e ac uired y cross validation see, eg, 17 There, a small set of data is

set apart for validation, the model is trained using the rest of the data, and

the error of the model is measured using the validation set This is repeated

several times ith di erent validation sets, and the distri ution of validation

errors indicates the accuracy and generali ation capa ility of the model The
nal model is trained using the hole data

efore going to the last step, deployment, the solution needs to e evaluated
from the original usiness pro lem point of vie  Does the solution really ans er
the needs of the customer Is the solution valid ith ne data Are there some
important areas here the solution is especially eak Is the solution still valid
in a couple of months from no  Does it have to There may e some evaluation
criteria that are tested or hich need to e met The ultimate goal of the
evalutation step is to determine hether the found solution is good enough to

e deployed

esides the solution, the data mining process generates other results:

Findings are insights, ideas, secondary models, anything that apart from the
solution are important ith respect to the usiness pro lem They should also
e taken a good look at
If none of the found solutions is accepta le, it should e determined hat
should e done ne t: make etter models, get more data or even rede ne the
pro lem If the model does not seem to ork ell ith ne data, or produces
strange or very ad results, one likely possi ility is that the training data is
iased: it lacks important information, or even has misleading information con
tent The ndings helps in all this y hinting to still open uestions, or steps
hich could have een done etter

Finally, if the solution is deemed a good one, it is deployed  hile actually
doing this may e the responsi ility of the customer, and thus out of scope of
the data mining process, the data miner should provide an initial plan for doing
the deployment, e g hat kinds of soft are has een needs to e implemented,
ho the data is gathered and processed and ho the results are interpreted

An important aspect to consider is the validity of the solution Ho long and
under hich conditions the solution can e e pected to e valid There should

e some kind of monitoring and maintainance plan ena ling the customer to

monitor the validity The plan should also suggest ho to proceed hen the
solution is no longer valid

Also signi cant ndings concerning the pro lem domain should e reported
It may have occured during the data mining process that there is valua le ork
to e done Some promising options may have een left uninvestigated, or the
insights gained during the process may hint to other promising data mining
pro ects These should e summari ed in the nal report
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Introduction to the CRISP D  data mining process ends here The ne t
section goes ack a fe steps in the process It introduces a ne concept
preparation survey cycle hich is closely related to data understanding

In data mining it is essential to understand the data: hat are the typical
values, hat values can e considered unusual and here the data is unrelia le
Di erent kinds of analysis tools can e applied ut ultimately the information
has to e delivered to the data miner y descri ing the data The core tools in
this are visuali ations, summaries and again visuali ations:

Visuali ations ecause they are the most e cient ay to present large
amounts of detailed information

Summaries ecause they compress the essentially ualitative visual infor
mation into a compact set of uantitative statements

Visuali ations, for the second time, ecause the miner needs to see hat
kind of values underlie the summaries to udge hether they are valid 10

The purpose of data survey is to create an overvie of the data: evaluate the
possi ilities present in the data as ell as to get an overall idea, a mind model
or map, of the data manifold 7 The methods used in data survey do not aim
to make a precise model of the data ut rather to make sense of it

The placement of survey in the data mining process can eseenin Fig 21 ¢
A closer look is presented in Fig 2  Data survey is closely intert ined ith
data preparation: the etter the miner understands the data, the easier it is to
prepare it appropriately Properly preprocessed, the data is easier to understand
Of course, also modeling results can e surveyed

Data understanding step in Section 2 2 dealt ith understanding the meta
structure of the data and the relia ility of single varia les Data survey con
tinues from this y considering varia le com inations E amination of the data
manifold involves techni ues like:



Clustering: are there natural groups in the data Possi ly each of these
groups should e modelled separately

Dependency analysis: linear correlation, local correlation, independent com
ponents, entropy Ho do the varia les depend on each other hich are
the hidden factors spanning the data manifold Are there groups of vari

a les that are actually don t have anything to do ith each other and
could, thus, e handled separately

Statistical analysis: histograms, moments of di erent orders, making and
testing hypothesis of the distri ution It is ene cial if the data or parts
of it can e descri ed ith simple statistical models

Visuali ation is an inherent part of all this Outliers or une pected shapes
of the data manifold can easily corrupt the results of analysis if the underlying
assumptions of the analysis method are not correct Visuali ation is the key tool
in detecting the une pected 10

An important consideration is also that it is not su cient to understand
a single data set ell ecause the data mining process is iterative, several
di erent data sets and preprocessing strategies need to e considered For this
reason, creating an understanding of any single data set cannot e allo ed to
take very long The e ecution of the preparation survey cycle should e as
smooth as possi le: the data is prepared, fed into a survey module and ased on
the output the data can e prepared etter To make this possi le, the survey
tools should e as automated and therefore also as ro ust as possi le

The report tools, visuali ations and summari ations, have to facilitate the un
derstanding task Data characteri ations have to e simple enough to e imme
diately understanda le and the num er of items that need to e conceptuali ed
together must e as small as possi le to t into the humans orking mem
ory Finally, the overall characteri ation should e as short as possi le, ithout
sacri cing accuracy too much E amples of summary statements include:

Distri ution statements: Varia le is ithin range , 0 ofvaria le
is ithin range , Varia le has value or Distri ution of is
normal

Property statements: Varia le has 0 missing values

Dependency statements: Varia les have dependency ,
Varia les have dependency or Varia les
and are independent

Cluster statements: Cluster has su clusters and , or In cluster
hile in cluster

Each statement should also indicate its coverage and accuracy as ell as vi
suali e the information For e ample, if distri ution is eing characteri ed, the
characteri ation should e accompanied y a histogram plot sho ing the de
tailed information as ell as indicate the meaning of the statement, for e ample
sho the estimated normal distri ution curve



In many aspects the o ective of data survey methods is to estimate the
pro a ility density function of the data manifold and to convey this information
to the data miner oth tasks are very hard and oth get increasingly more
di cult hen the dimension increases Also the simplicity re uirements imposed
on the characteri ations necessarily means loosing information of the details
Ho ever, data survey is more a out getting rough ut ro ust results rather
than getting every detail right  hich is hat modeling is a out After gaining
holistic understanding of the hole data, it is possi le to return and inspect
the local details more carefully



S O gani ing Ma

The SO has several ene cial features hich make it a useful method in
data mining It implements an ordered dimensionality reducing mapping of the
training data The map follo s the pro a ility density function of the data
and is ro ust to missing data It is readily e plaina le, simple and  perhaps
most importantly  easy to visuali e Visuali ation of multidimensional data
is indeed one of the main application areas of the SO

The asicSO consistsof neurons located on aregularlo dimensional grid,
usually 1 or 2 dimensional Higher dimensional grids are possi le, ut they are
not generally used since their visuali ation is pro lematic The lattice of the
grid is either he agonal or rectangular, see Fig 1

The asic SO algorithm is iterative Each neuron has a dimensional

prototype vector At each training step, a sample data
vector is randomly chosen from the training set Distances et een and all
the prototype vectors are computed The est matching unit U , denoted

here y ,is the map unit ith prototype closest to

Ne t, the prototype vectors are updated The U and its topological neigh
ors are moved closer to the input vector in the input space, as sho nin Fig 2
The update rule for the prototype vector of unit is:

2

here denotes time, is learning rate and is a neigh orhood kernel
centered on the inner unit The kernel can e for e ample Gaussian:
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Figure 1: Neigh orhood sets at radius 0, 1, and 2 of the centermost unit: a
he agonal lattice, rectangular lattice

Figure 2: Updating the est matching unit U and its neigh ors to ards
the input sample marked ith The lack and gray circles correspond to
situation efore and after updating, respectively The lines sho neigh orhood
relations

here  and  are positions of neurons and on the SO grid and
is neigh orhood radius oth learning rate and neigh orhood radius
decrease monotonically ith time During training, the SO ehaves like a
e i le net that folds onto the cloud formed y the training data ecause
of the neigh orhood relations, neigh oring prototypes are pulled to the same
direction, and thus prototype vectors of neigh oring units resem le each other

The asic SO algorithm has a num er of variants The common factor is that
all of them are essentially a collection of prototype vectors and a set of neigh

orhood relations de ned et een them The prototype vectors are iteratively
ad usted to correspond to the training data, and the neigh orhood relations are
used in such a manner that neigh oring prototype vectors ecome similar to
each other



In the asic SO , the neigh orhoods are de ned y giving the prototypes

ed positions on a lo dimensional output plane In many variants, the
neigh orhood relations are considera ly more e i le in order to appro imate
the data etter Ho ever, this happens at the cost of making visuali ation more
di cult Also several such variants of the SO have een proposed hich e
ist et een these t o e tremes: the nodes have ell de ned lo dimensional
positions, ut this location is some hat eile 2, , 1, 7,

atch map is a version of the SO  algorithm here the learning
rate is not used Also this algorithm is iterative, ut instead of using a
single data vector at a time, the hole data set is presented to the map efore
any ad ustments are made hence the name atch In each training step,
the data set is partitioned according to the Voronoi regions of the map eight
vectors, i e each data vector elongs to the data set of the map unit to hich
it is closest After this, the ne  eight vectors are calculated as:

here is the U of data sample , see E 1 The ne  eight vector is a
eighted average of the data samples, here the eight of each data sample is
the neigh orhood function value at its U

Tree structured SO is an especially fast version
of the SO , It consists of a set of layers, each of hich is a complete
uanti ation of the data space The di erence et een layers is that the num er
of prototypes gro s e ponentially as the tree is traversed do n ards For e
ample, the rst layer has only prototype vectors, the second has 1 , the third
, and so forth Thus, each prototype vector of a layer has four descendants in
the ne t layer The top layers are utili ed in the training of latter ones: instead
of comparing a given data vector to all prototype vectors of, say, layer , it is
rst compared ith prototypes in layer 1, then ith the descendants of the 1st
layer inner and its neigh ors, and so on The num er of distance calculations
is signi cantly reduced especially on the lo er layers Also, layers are added one
at a time so one gets a gradually more detailed mapping of the data

In ST SO the neigh orhood relations are de ned using a
minimal spanning tree ST inimal spanning tree de nes the short
est possi le set of connections hich link together a set of vectors In vector

uanti ation, ST SO is much faster and more sta le than the asic SO
On the other hand, the prototypes no longer have ell de ned positions on a
lo dimensional grid and thus visuali ation is more pro lematic

Neural gas is another variant of the SO here the neigh or

hoods are adapatively de ned during training 77 Neigh orhoods are de ned

y the ranking order of the distance of prototype vectors from the given training
sample



In gro ing cell structures algorithm the adapt
a ility has een taken one step further 2 , 0 Instead of havinga ed num er
of prototype vectors, the algorithm starts ith only t o, and then addsne pro
totype vectors according to an error function criterion The neigh orhoods are
de ned at the time ane prototype is added into the net ork Prototype vectors
can also e removed

In general, the SO is related to kernel methods hich
approach data modeling using prototypes 17 E amples of kernel methods used
for modeling include radial asis function net orks , and ellipsoidal fu y
systems

Possi ly the closest ell kno n relative of the SO is the means vector

uanti ation and clustering algorithm Note that the di erence et een classical

vector uanti ation , 1 and SO isthat SO performs local smoothing in

the neigh orhood of each map unit, as can e seen from the distortion measure in

E If the neigh orhood kernel value is one for the U and eroelse here

inE 2 , the SO reduces to adaptive means algorithm 1

Another closely related algorithm is the fu y means algorithm ., hich

di ersfrom meansin that each data sample can elong to a num er of clusters,

even to all of them, in varying degrees Also the SO can e interpreted in this
ay if the neigh orhood function values are used as mem ership values

Principal curves and surfaces 7 represent a very similar
concept to the SO 17, In principal curves, the idea is to nd the central
curve or surface going through the data manifold Each point on the principal
curve is the average of all points that pro ect to it The SO prototype vectors
can e interpreted as conditional averages of the data, and thus it is a discrete
counterpart of the principal curve 1

The SO is also related to vector pro ection algorithms
17 In vector pro ection one tries to nd lo dimensional coordinates for high
dimensional data samples such that certain features of the original data set are
preserved as ell as possi le The goal is dimensionality reduction, and often
visuali ation if the output space is 2 or dimensional Typically, the features
to e preserved are pair ise distances et een data samples or at least their
order and su se uently preservation of the shape of the data manifold in the
pro ection In multi dimensional scaling DS all pair ise distances are
eighted e ually The energy function to e minimi ed is:

here is the distance et een data samples and in the input space
,and  is the corresponding distance et een the pro ection coordinates in
the output space The igger distances have larger e ect on the error function,
and thus glo al organi ation is much more important than local topology In
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Sammon s mapping and Curvilinear Component Analysis CCA 21 the
near y samples are eighted more, and thus local topology is preserved etter:

Note that Sammon s mapping emphasi es closeness in the input space, hereas
CCA emphasi es output space Other vector pro ection algorithms can e found
from 2, , ,7, 7 TheSO isalso a vector pro ection algorithm ecause
the prototype vectors have ell de ned positions on the lo dimensional map
grid

hen comparing the SO ith other algorithms, the en

ergy function of the SO or the lack of it inevita ly comes up It has

een sho n that the asic SO algorithm has no energy function in the general

case 2 In case of a discrete data set and ed neigh orhood kernel, the map
distortion measure

can e sho nto e alocal energy function of the SO 7 Ho ever, hen the
Uinde of any of the data samples  changes, the energy function changes
slightly, and thus the SO only gives an appro imate solution to E To
o tain the e act solution, the de nition of inner E 1 should e changed
to This is computationally much heavier
than the asic SO , ut it o ers an interesting interpretation of the map as a
ay to construct noise resistant coding of the input vectors If the neigh orhood
function is normali ed , the values give the noise induced transition
pro a ilities et een codes map units 7 ,

The SO has properties of oth vector uanti ation and vector pro ection algo
rithms The uanti ation from the training samples to  prototypes reduces
the original data set to a smaller, ut still representative, set to ork ith
Further analysis for e ample clustering or visuali ation, see Fig is
performed primarily, or at least initially using the prototype vectors instead
of all of the data

Using the reduced data set is only valid if it really is representative of the
original data For classical vector uanti ation it has een sho n that the den

sity of the prototype vectors is proportional to ~, here is the
pro a ility density function of the input data, is dimension, is distance norm
and isnormali ation constant 2, ,11 For SO , asimilar po erla has

een derived in one dimensional case 2 Even though the po erla holds only
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Figure : Data analysis using SO as an intermediate step

hen the num er of prototypes approaches in nity and neigh orhood idth is

very large, numerical e periments have sho n that the results are relatively ac
curate even for a small num er of prototypes hile the connection et een
the density of prototypes of SO and the input data has not een derived in
the general case, it can e assumed that the SO roughly follo s the density
of the training data

This approach is closely related to data s uashing here the idea is to scale
data sets do n rather than make ne algorithms hich scale up to the data
sets Data s uashing is ased on keeping the local statistics of the data set
as close to the original as possi le 2 In vector uanti ation the pro a ility
density function guides the process, hich amounts to much the same thing

The primary ene t of using a reduced data set is that the computational
comple ity of su se uent steps, for e ample clustering, is reduced 112 The
reduction is important especially in early steps iterations of data mining e
cause several di erent data sets and preprocessing strategies need to e consid
ered speed and ro ustness are more important than accuracy In uilding nal
models accuracy is the most important consideration, and the reduced data set
may e discarded in favour of a igger one, or even the hole data

Another ene t of vector uanti ation is that it usually involves averaging of
data samples, thus removing ero mean noise and reducing the e ect of outliers

To ea leto visuali e the prototypes e ciently, vector pro ection is needed To
gether the set of prototype vectors and their pro ections form alo dimensional
map of the data manifold

Since the prototype vectors of the SO have ell de ned positions on the
lo dimensional map grid, the SO is a kind of vector pro ection algorithm
The pro ection of a data sample can e de ned to e the inde or location
of its U on the map grid This kind of pro ection is of course very crude The
pro ection is discrete as it can only get as many values as there are map units
Therefore, di erent vectors may e pro ected to the same point Also, since
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the shape of the map is de ned eforehand, information of the glo al shape of
the data manifold is lost In contrast, most vector pro ection techni ues, like
Sammon s mapping , have continuous outputs Thus, in certain visuali ation
tasks the pro ection de ned y SO is often complemented ith other methods,
see Section 22

Ho ever, as a pro ection algorithm, SO  has an important advantage over
many others The topological ordering of map units depends primarily on the
local neigh orhood hich is de ned on the map grid Since there are more
map units here data density is high, the neigh orhood in these areas ecomes
smaller as measured in the input space Thus, the pro ection tunes to local data
density

There are also other algorithms hich com ine properties from vector uanti
ation and vector pro ection, for ¢ ample Vector uanti ation and Pro ection
neural net ork 22, and com inations of any vector uanti ation and vector
pro ection algorithms, like means and Sammon s mapping 2 or means
and DS The data mining methodology e plained in this thesis can e
applied using any of these other techni ues as ell  hich of them is the est
one depends entirely on the intended application, ecause each algorithm has a
di erent goal
The goal of SO is to create a topologically ie locally ordered mapping
of the data in the sense of a discreti ed principal surface or curve In addition to
the computational ene ts o ered y vector uanti ation, the primary ene ts
of SO are:

Assuming the neigh orhood function reaches far enough, like
in the case of Gaussian neigh orhood function, the SO is very ro ust
since all prototypes are a ected y all data samples

The topological ordering orks primarily in the neigh or
hood of each map unit, and therefore tunes locally to the data density

The regular map grid makes it easy to uild e cient
visuali ations and user interfaces

any of the a ove ene ts are due to the neigh orhood relations They are
essential in order to create the organi ationon SO  Ho ever, the neigh orhood
also has three unfortunate side e ects

The neigh orhood de nition is not symmetric on the orders
of the map Therefore, the density estimation is di erent for the order
units than for the center units of the map

The range of varia le values is contracted The averaging
made y the vector uanti ation procedure, and enhanced y the neigh
orhood function, averages the e treme values out This may e an unde
sira le side e ect in some situations, for e ample if outliers are interesting
from the analysis point of vie



hen the data cloud is discontinuous, interpolating
units are positioned et een data clusters providing convenient e trapola
tive estimates of the data distri ution Ho ever, in case of some analysis
tools, for e ample single linkage clustering, these may give false cues of
the shape of the data manifold and may need to e de emphasi ed or
completely left out 112

Fig sho s the implementation of one SO training step as C code The
computational comple ity of one training step is Correspondingly, one
epoch of training  going through the data once  has comple ity of ,
here is the num er of data samples The comple ity of the hole training

process depends on the num er of training epochs If this is chosen to e pro
portional to or e ually, the num er of training steps is proportional to

asin 0 , the comple ity of the hole training is

Furthermore, if the num er of map units is chosen to e proportional to
asin 112, the comple ity of the hole training scales linearly ith the num er
of data samples Of course, this choice is uite ar itrary Depending on
the application, the re uired num er of map units may e independent of the
num er of data samples, or it may need to e directly proportional to , as
in 0

The memory consumption depends on hether the interunit distances in
the output space are calculated eforehand or not If they are, the memory
consumption scales uadratively ith the num er of map units If not, the
consumption scales linearly, ut additional oating point operations per
training step are needed assuming a 2 dimensional map grid is used Note
that the memory re uirements due to the training data have een ignored

hile ust one training sample is needed at a time, in practice as much of the

data as possi le is usually kept in the main memory to reduce the overhead due
to disc access or some other mass storage device time

Thus, the SO is applica le also to relatively large data sets Training huge
maps is time consuming, ut the process can e speeded up ith special tech
ni ues These are asically ased on speeding up the inner search y investi
gating only a small num er of prototypes or y searching for the inner only in
a lo dimensional su space of the input space 0, 0, Note also that the
training algorithm can e easily implemented oth in a neural, on line learning
manner as ell as paralleli ed 7, 1
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