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Machine Learning Methods for Knowledge
Discovery in Medical Data on
Atherosclerosis

José Ignacio Serrand, Marie Tometkova?, Jana Zvarov

1. Instituto de Automatica Industrial, CSIC, Madrigpain,

2.Department of Medical Informatics, Institute afr@puter Science AS CR, Prague, Czech
Republic

Machine learning techniques are methods that givem training set of examples infer
a model for the categories of the data, so that nefunknown) examples could be
assigned to one or more categories by pattern maticty within the model. The data from
follow-up studies with repeated collection of theame type of data are very suitable for
this analysis. Machine learning algorithms belongig to a variety of paradigms have
been applied to knowledge discovery on medical datall the used algorithms belong to
the supervised learning paradigm. Several algorithrm have been tested, trying to cover
most of the kinds of supervised learning. Two kindof experiments have been carried
out. The first is intended to discover associationsetween attributes. The second kind is
intended to test prediction of future disorders. Fo the experiments in this paper
the data used was from the twenty years lasting pmary preventive longitudinal study
of the risk factors (RF) of atherosclerosis in midte aged men. Study is named
STULONG (LONGitudinal STUdy). The results show that some methods predict some
disorders better than others, so it is interestingo use all the algorithms at a time and
consider the result confidence based upon the knowmendency of each method.
The machine learning algorithms have been also used the prediction of death cause,
obtaining poor results in this case, maybe due tohé small amount of information
(entries) of this type in the dataset.

Keywords: knowledge discovery, supervised machin@arning, biomedical data mining,
risk factors of atherosclerosis

1. Introduction

Machine learning techniques [1] are methods thaergia training set of examples infer
a model for the categories of the data, so that fumknown) examples could be assigned to
one or more categories by pattern matching withenrhodel.

Machine learning techniques have been applied safidéy to a high variety of problems and
data for prediction tasks. The main objective iggsearch how to apply machine learning
algorithms to this data in order to discover relaships between attributes and to make
predictions that could be useful for decision suppdedical data is a special kind of data,
because many different kinds of features are ire@hn the collections. Moreover, the
medical data have several known problems: missimprrect and sparse information and
temporal data. Machine learning methods are vemalde for this kind of data [2]. There

6 © 2006 EuroMISE s.r.o.
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exists several KDD works attempting to deal withg&scale medical information. In [3],
authors try to detect type of hepatitis by extragshort sequential patterns from the temporal
features. In [4], simple rules are discovered udgifigniner (i.e. statistical tables of two rows
and two columns), in order to temporally charaeweriby differences, the hepatitis types B
and C. Authors in [5] attempt to discover rulesigles boolean features that can be able to
predict the liver fibrosis stage. The same appbcaappears in [6] but, in this case, extracted
patterns are clustered and then these clusterssargned to fibrosis stages depending on the
covered examples. They also applied this techniguherosclerosis risk [7]. The data from
follow-up studies with the repeated collection loé tsame type of data are very suitable for
this analysis. Additional examples of data minimgbdomedical data are presented in [8] and
[9]. For the experiments in this paper the datalwgas from the twenty years lasting primary
preventive longitudinal study of the risk factoRH) of atherosclerosis in middle aged men.
The study is named STULONG (LONGitudinal STUdy) JJIDhe main target of this study is
to validate machine learning as a way of associationing and to validate classification
performance as a measurement of the salience &orditcovered association. It is also
intended to test machine learning algorithms inpiealiction of far future disorders.

In the next section, the details of the STULONGadat are presented. In section 3, the
machine learning algorithms tested are describegtti®h 4 presents the measures for
evaluation and Section 5 describes validation ewparts. Finally, concluding remarks and

future work is presented in Section 6.

2. Description of the Study and Data Set

The STULONG (http://euromise.vse.cz/challenge20@®x.html) [10], [11] data were
collected by the % Department of Internal Medicine ™ Faculty of Medicine of Charles
University in Prague and General University HodpRaague and transferred to the electronic
form and analysed by statistical methods by theopesn Centre of Medical Informatics,
Statistics and Epidemiology of Charles UniversityArague and the Academy of Science of
the Czech Republic, Prague.

The main aims of the study were:

1. To identify the prevalence of risk factors (RF) atherosclerosis in a population
generally considered as the most endangered byibpwssomplications of
atherosclerosis, i.e. middle aged men.

2. To follow the development of these RF and theiraetpon the examined men health,
especially with respect to atherosclerotic cardsoudar diseases.

3. To study the impact of complex intervention of RR their development and
cardiovascular morbidity and mortality in men.

Men born in 1926-1937 and living in Prague 2 waleded from the Prague 2 election lists
in year 1975. For the first examination, 1419 of@3nvited men came. Entry examinations
were performed in the years 1976-1979. The inetafior examination included a short
explanation of the aims of the study, of the fiegsamination purpose, procedure and later
observations and asked for co-operation. At thateti no informed signature of the
respondent was required. Should the man reactetdirgt invitation for the examination, we
considered that a sufficient agreement with thememation itself, observation and results

© 2006 EuroMISE s.r.o. 7
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processing. Should man fail to react to the fimstitation, we would send two more
invitations, minimally.

The risk factors were defined according to therdedins at that time as follows:

O O ad

[

hypertension — blood pressure BP160/95 mm Hg or men under the hypotensive
medication,

hypercholesterolemia — cholestero260mg% (6,7 mmol/l),

hypertriglyceridemia — triglycerides200mg% (2,2 mmol/l),

smoking:> 15 cig./day currently or smoking of the same nundfecigarettes within

1 year prior to the beginning of the study (pipecigiar smokers were considered non-
smokers),

overweight: Brocka index > 115 % (Brocka index:dmiin cm minus 100 = 100 %),
positive family case history: death of father orthew from coronary artery disease, or
vascular stroke before reaching 65 years of age.

Men were divided according to presence of riskdeci{RF), overall health conditions and
ECG result into following groups:

NG = group of men without RF defined above, withoutanifiestation of
the atherosclerotic diseases or other seriousssk® making their ten-year-long
observation impossible, and without ECG changes,

RG = group of men with at least one RF defined abavithout manifestation of
the atherosclerotic diseases or other serioussBk® making their ten-year-long
observation impossible, and without ECG changes,

PG = group of men with a manifested cardio-vasculaem@sclerotic diseases or other
serious diseases making their ten-year-long observampossible (e.g. malignant
iliness, advanced failure of liver or kidneys, ead neurological or psychological
problem). The pathologic group included also methwiiabetes treated with orally
administered anti-diabetics or insulin, and merhvaiathologic ECG, according to the
Minnesota ECG code.

Long-term observation of patients was based om theision into the groups stated above:

The risk groupRG was randomly divided into two sub-groups desigihads RGI
(intervened risk group) andGC (control risk group). The patients in tR&1 group
were invited for check up minimally twice a yearollBwing pharmacological
intervention, they were invited as necessary. Tateepts in theRGC group received

a short written notice including their laboratogsults and ECG description and a
recommendation to take these results to their playsi possible intervention of RF
was left to the decision of these physicians. At finst examination, no significant
difference in age, socio-economic factors or RFuoance was demonstrated between
the RGI and RGC groups.

10 % of men in theNG group was examined minimally once a year justhasrisk
group — (they are denotediGS); In this group of men, similarly to the risk gmu
intervention was initiated as soon as a RF was tiiksh and confirmed
(hyperlipidemia, arterial hypertension). The rentagmrmen of theNG were invited for

a control check up 10-12 years later.

The men from th&G group were excluded from further observation.

© 2006 EuroMISE s.r.o.
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Intervention was the key problem of the study anaksvbased on non-pharmacological

influence. We tried to modify and to optimize RF.

0 Non-pharmacological interventionnterviews on lifestyle, i.e. diet, physical adtyy
suitability or necessity to stop smoking and redwesight. The interviews were
repeated during each control and except for gemesalictions, they focused also on
specific RF of a given man.

1 Pharmacological intervention: treatment of arterial hypertension and
hyperlipoproteinemia — was very limited in the igitstages of the study and may be
mostly used only in the last years of the studye Parmacological therapy was
recommended with respect to the overall risk ofivery man and his possible other
diseases.

Four data files have been used for the analysis:

1. The file ENTRYcontains values of 244 attributes obtained fromnyegxaminations for
each man; these attributes are either codes dtgesisize measurements of different
variables or results of their transformations (itfexation of man, family and personal
history, social factors — education, physical atiés, smoking, eating habits, alcohol,
after them anthropometric measurements — heighightye skin folds, physical
examination with measurement of blood pressuresgyuéboratory values and coding
of ECG).

2. The file CONTROLcontains results of observation of 66 attributesorded during
control examinations. There are attributes corredpm to identification, to habit
changes, to personal history, physical examinagioth biochemical values, and data
about hypertension, hypercholesterolemia, hypdidegdemia and other coronary
and oncological diseases. This file consists db4D records of long observation.

3. Additional information about health status of 40&mdropped out in the time of
the study was collected by the postal questionn&essulting values of 62 attributes
are stored in theETTER(ile.

4. There are 5 attributes concerning death of 38%pti Values of these attributes are
stored in thedDEATH/ile. It contains attributes for the identificatiof the patients and
the date and cause of death.

3. Description of the Used Methods

All the used algorithms belong to the superviseaimg paradigm. That is, a learning stage
is needed in order to build a model over the trajnéxamples and then use this model to
predict the category of unknown examples. Sevdgrithms have been tested, trying to

cover most of the kinds of supervised learning.hEat the used methods is very briefly

explained next:

3.1 Naive Bayes
Naive Bayes [12] calculates, for each pair attebedlue, for exampléeducation, university)
the probability of belonging to each category, dyiding the number of examples of

the target category where the pair appears bydted humber of examples where the pair
appears. Thus, each pair will have a probabilitydach tentative category. Naive Bayes is

© 2006 EuroMISE s.r.o. 9
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based on the assumption that every pair attribabeevwithin an example is independent on
each other. Thus, when an unlabeled example isifitaf the probability for each category
of the example is the multiplication of the probigpifor the corresponding category of each
of the pairs that form the example. The predictategory is the one with the highest
probability.

3.2 Multilayer Perceptron

The classification model of the Multilayer PerceptiNeural Network [13] is composed of a

certain number of layers of neurons interconnebtieisveen them. The architecture used for
this dataset is presented in Figure 1.

Attribute 1

Attribute 2

Attribute n

Input Layer Hidden Layer Output Layer

Fig. 1. Architecture of the Multilayer Perceptroreital Network used.

Each connection has an associated weight. The itgpaach neuron is the weighted sum,
using the association weights, of all the incomvadues. The output of each neuron is the
result of applying a function. In this case, a tgbisigmoid function is implemented in all the
neurons. Figure 2 shows the function expressiorremesentation.

H®) =1 g

Fig. 2. Expression and representation of sigmorttfion.

10 © 2006 EuroMISE s.r.o.
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Thus, each of the attribute values from a sampla@tiataset is entered in the corresponding
neuron of the input layer, and the values spreaduth the network to the output layer,
where the output value of the neuron is the predictass.

The training phase consists of, given a set ofainiveights values, entering each of the
labelled examples of the training dataset intortteelel and comparing the output value with
the expected class. Depending on the error of tledigied class, the back propagation
algorithm changes weights from the output layethe input layer, in order to make the

predicted value to be more similar to the expected. This process is carried out a certain
number of epochs or iterations. In this case, thisber is equal to 500. The amount the
weights are changed in back propagation, so cidaching rate, is 0.3, and the momentum
applied to the weights during updating is 0.2.Hé tback propagation algorithm does not
reach a good approximation to the expected outipert @ne iteration, then it resets the model
and causes the learning rate to decrease.

3.3 Support Vector Machines (SVM)

Support Vector Machines [14] try to separate exaspbased on their category, in the
dimensional space, beimghe number of attributes or features, by hypengdaof the fornw
+ b, so that

X W + b>+1 — category = true

X W + b>-1— category = false

x being the example represented as a vectorafmponents. Heray is the support vector,

perpendicular to the hyper plane, and corresponelxtonples that are beyond or over the
limits of their category (see Figure 3).

Feature,.q
rs . —
Margin = , B
* s Active Class =
Ml
.g/—"“' E i
\ Suppoft \{wtur -
\ Moo,
b o H
@ e <
_ 3 E \
Inactive Class ™ s
& ® ~ Hyper-plane
5] Y
» Feature,

Fig. 3. Support vectors scheme.

The support vector also defines, by its module,aagn of one between the hyper plane and
the first positive and negative examples (that tb&son for +1, -1 thresholds). For each
category, the algorithm tries to find maximizing the margin. To classify an unlabeled
example the algorithm simply applies the expressioove. This is a simple implementation

© 2006 EuroMISE s.r.o. 11
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of the method and the one used in the experiméntsthere are other more sophisticated
implementations and techniques.

3.4 K-Nearest Neighbour

KNN is a memory-based algorithm [15], with the bgwund idea that past experiences can
help us to solve present ones by analogy. It censiccach example as a vector of
n components, being the number of attributes or features. It doesne&d a learning stage.
To predict the class of an unlabeled example, liparighm compares the input example with
each of the examples in the training data or memiyycalculating the distance between
them. Then, the majority class of tkemost similar training examples is the one predidte

the input example. The distance used in the exmgerisnis the Euclidean distance between
vectors. However, there are more possibilitiehaliterature.

3.5 ID3 and C4.5 Decision Trees

The model produced by this algorithm is a tree [MBhere each node corresponds to
an attribute and each arc of the node correspandpbssible value of the node attribute.

The learning algorithm constructs the tree fromttaaing data. The selection of the attribute
that will form a node, at each moment, is carriedl loy calculating the entropy of the data

after the selection of the node. That is, for eatthbute, the entropy of the remaining data
without the attribute, separated by the differealues of the node attribute, is calculated.
Thus, the attribute that produces the minimum ¢mytras the selected for the node.

The process goes on until there is no more ategotr the number of remaining examples
under a node is lower than a certain thresholdhénformer case, the majority class of these
remaining examples is the one settled under the.rnlad~igure 4, we can see an example:

flies?
yes no
/ \
body covering r}ibil.\'{
land water

halir feathers scales gther /
[E( |_LL| \m/body covering breathe\s ﬂ
// \ yes no

hair feathers scales other \

hair feathers scales other

o o o [
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Fig. 4. Example of a decision tree.

In the example there are 4 attributbes, body covering, habitaindbreathes aiy and four
possible categoriesn, b, fandr . Here, the first attribute ies because it is the one that
produces the division on the data with minimum @pyrat that level, and so on. To classify
an unlabeled example you only have to follow theettop-down, and the final leaf is
the predicted category. The pathways from the rmate to the leaf node can be viewed as
rules, where the condition is formed by AND operatof the termgnode=arc)

C4.5 is an extension of ID3 that allows continuauserical attributes, accounts for missing
values and carries out a pruning process in oadezduce the tree size for dealing with larger
amount of data. The J48 tree used in the expergngm@n implementation of C4.5.

3.6 Ridor Rules Learner

Ridor stands for the Rlpple-DOwn Rule learner [U7]generates the default rule first and
then the exceptions for the default rule with teask (weighted) error rate when it is used to
classify the training data. Then it generates thest" exceptions for each exception and
iterates until pure. Thus it performs a tree-likgpansion of exceptions and the leaf has only
the default rule but no exceptions. The exceptamesa set of rules that predict the classes
other than class in the default rule. IREP is usefind out the exceptions. IREP algorithm
constructs rules by gradually adding one term endbndition at a time so that the error rate is
minimized. The rule condition terms are lifadtribute {=#,<,>} value)

4. Evaluation

The evaluation processes and measures are thefesaalethe experiments. Given the data,
a part of the collection is considered as a trgrget and the remaining as a test set. So
the models learn from the training set and tryredpct the values of examples in the test set.
Since the category of test set examples is knowa,can check the predictions. Three
different typical measures are calculated for eeafegory: precision, recall and F-measure
[18]. Precision is the percentage of predictionsmé category that were correct. Equation 1
presents the precision expression.

number af correct predictions as category;

Frecision (categoryy) = =
Clld total number of predictions as category;

(1)

Recall is the percentage of all the examples oftélsé set belonging to a category that were
correctly predicted. The expression is presentdeguation 2.

mimber of predictions as categary;
toial number af examples af category; @)

Feeall {category) =

© 2006 EuroMISE s.r.o. 13



EJBI - European Journal for Biomedical Informatics EJBI 1/2006 (6 — 33)
www.ejbi.org J.I.Serrano et al.
Machine Learning Methods for Knowledge Discovery in Medical Data on Atherosclerosis

F-measure is a combination of the former measutrescounts, someway, the intersection
between the examples involved in precision andlltenarmalized by the sum of both.
Equation 3 shows the F-measure expression.

2 * Precision ™ Recall
LPrecision + Fecall

Fmeasure =

@)

Thus, these three measures are calculated for aadebory of the test set. As said before,
given the collection it is needed to divide theadiat training and test sets. A common way of
evaluation is cross-validation. The collection igided inton equally sized parts. Then, each
n-1 part combination is considered as training andréineaining part as test, so the algorithm
is run n-1 times, and the final results are the average f ikl executions. For all the
experiments described belowhas a value of 3, so training is always 66 % ef data and
test stands for 33 %, running each algorithm thimees. Usually, the value of is greater
than 3, typically of 10, but in this case we haeeywfew examples of some categories, and a
greater value oh could produce test sets with no representatiaimeimentioned categories,
what is not desirable.

5. Experiments

Two kinds of experiments have been carried out. fireeis intended to discover associations
between attributes by considering the classificatiperformance as an indicator of
the association strength. The second kind is irgdrid test the prediction of future disorders.

It is needed to remark that the observations indai set with missing values were not
removed nor imputed, because the implementatiotiseoiearning algorithms are able to deal
with missing data. These implementations are thesancluded in the WEKA environment
[19], used with default parameters to perform thigegiments above.

5.1 Finding Answers

The first experiments are related to the analytmpaéstions proposed for the Discovery
Challenge of ECML/PKDD 2004 conference, specificalhe ones related to the Entry
collection. These tasks consist of finding relasiamthree different groups of patients: normal
group, risk group and pathologic group. These gsoaprrespond to the risk level of
atherosclerosis — see above, and will be referemaselgvel groups. Specifically, the target
relationships are between social factor featured physical activities features, alcohol
features, smoking features, body mass index, bfwedsure and HDL cholesterol, and then
between physical activities and the remaining aetiveen alcohol and the remaining. So,
machine learning algorithms are applied to the dataach different group, trying to predict
the value of each of the features of one grouprgihe features of the other, viewing the
possible values as the considered categories. Ttiusxample, given the four social factor
attributes as training factors the algorithms ane in order to predict the value of each of
the four physical activities attributes and so oithvthe other features groups. For each
relationship, the maximum values over all the ddfé algorithms results are calculated in
order to compare between level groups. So, if tiegliption accuracy is good, we could say

14 © 2006 EuroMISE s.r.o.
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that there is a strong relationship, in a degregktp the accuracy, between the features used
for training and the feature whose values are ptedj and also we can compare prediction
measures between features and level groups tovetath relations are stronger than others.

Due to paper length limitations, only some of thestrepresentative results are presented. In
Figure 5, the maximum precision, recall and F-meaguedictions results for "Smoking",
given social attributes, are showed for each oflekiel groups, a) Normal, b) Pathologic and
c) Risk, respectively, and given physical activéitributes for each of the level groups,
d) Normal, e) Pathologic and f) Risk, respectivedg can be seen, in the Normal group,
either from social factors or physical activityethest prediction is reached for non-smoking
people, being not significant for the remaininguea of the "Smoking" attribute. It seems that
the relationship between social factors and smolsrgiightly stronger than physical activity
and smoking, because it produces better resultalifdhe values of the "Smoking" attribute.
In both Pathologic and Risk groups, the relatiopgigtween the training factors and the non-
smoking value is stronger for physical activity ttas, being in particular high in the
Pathologic group. In the latter groups, people whmwke 15 or more cigarettes a day are
better predicted than in the Normal group but nmeisers are much worse detected than in
the Normal group.
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Fig. 5. Maximum precision, recall and F-measureuesl over all the algorithms for
the prediction of "Smoking" attribute, given ot tsocial factors on a) Normal group,
b) Pathologic group and c) Risk group, and givetydhe physical activity factors on

d) Normal group, e) Pathologic group and f) Riskgp.

Let us see another representative example. Figymegents the results of the prediction of
cholesterol level from social factors, a), b), andand from physical activity factors, d), e)
and f), for each of the level groups, respectivéiythis case, the prediction results are very
similar for the relationship between social factarsl cholesterol, and physical activity and
cholesterol, in all level groups, so we can coneltitht the strength of the relationships is
similar, too. However, it varies among level groulpsthe Normal group, the mean absolute
prediction error is about 24, being about 50 andimPathologic and Normal groups,
respectively, concluding that it is easier to pcediholesterol, from both social factors and
physical activity as training, for people in the i@l group. This fact denotes a strong
relationship between the training factors and th@esterol level in the latter group.

18 © 2006 EuroMISE s.r.o.
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Fig. 6. Average and maximum mean absolute errat noean square error, relative absolute
error and root relative square error values ovel thle algorithms for the prediction of
cholesterol level attribute, given only social fast on a) Normal group, b) Pathologic group
and c) Risk group, and given only the physicahtgtifactors on d) Normal group,
e) Pathologic group and f) Risk group.

Finally, Figure 7 shows the results for the pradictof alcohol attribute values, separately
from social factors and physical activity factosstaining, for each level group, analogous to
above.
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Fig. 7. Maximum precision, recall and F-measureuesl over all the algorithms for the

prediction of thé'Alcohol’ attribute, given only the social factors on a) K@i group,

b) Pathologic group and c) Risk group, and givetydhe physical activity factors on
d) Normal group, e) Pathologic group and f) Riskgp.

The results in Figure 7 show that there is a dekationship in all levels of groups between
the training factors and the people who drink afitobccasionally. People who drink
regularly are more difficult to detect and predrcim the training factors, resulting in a light
relationship that is a little bit stronger in thatRologic group. The same can be said about
people who never drink alcohol in relation to plegsi activity factors. However,
the prediction precision is significantly increastm social factors in Normal and Risk
groups. People who never drink are accurately ifiettfrom their social factors in the latter
groups, what denotes a significant relationshipvbenh the involved attributes.

The training features groups are taken with alldtiebutes at once. From the medical point
of view it is also interesting to separate thesebattes and to try subsets of them. So, it was
tried to predict the value of the physical activity the job attribute given all possible
combinations of social factors attributes, for epéan The results show that, for Normal and
Risk groups, the "Education” feature alone obtamsch better prediction results than any
other combination of social factors attributes.the Pathologic group it is similar, but the
difference is not so high as in the other groupsindg "Age + Education” the best
combination.

5.2 Predicting Future Disorders

The main objective of the next experiments is tst t¢he prediction accuracy of
the algorithms. The Entry collection is not theyoahe used but also the Control collection is
considered. First of all, the patients who havemrtrol record in the Control collection, after
ten years from their entry in the study, were geldcThen using their Entry attributes it was
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tried to predict whether they will have some digwsdin ten years. These disorders
correspond to systolic-diastolic hypertension, @ysthypertension, diastolic hypertension,
hypercholesterolemia and hypertriglyceridemie. T@ssible values for these disorder
attributes are true or false. The same has beem fdoitwenty years records. The results show
that the multilayer perceptron was the best algorjtreaching values near 85 % of precision
and 65 % of recall in the detection of all the dirs. The risk of future hypertension in
the Risk group is 0 for many men, while some péasiem this group were hypertensive since
the beginning of the study. From the medical pointiew it is more interesting to carry out
the experiments only on the Normal group. The spneeess has been done separately for
this group, for ten and twenty years. The resuitsthie different mentioned disorders are
presented in Figure 8, a) to e), respectivelytéoryears prediction and f) to j), respectively,
for twenty years prediction. For each disorder, m@ximum values over all the different
algorithms results are presented. In this casealtseshow that there is not one best algorithm.
Depending on the disorder to predict and also eotaicecategories, one algorithm fits better
than others (the maximum values presented corrélsfmdifferent algorithms), so it will be
interesting to use all the algorithms and makedgiecs based on the results from all of them.
As a comment, we pointed that the prediction aayura much higher than when entries of
the three levels of groups are considered all tmgetconfirming the early interest in
the Normal group.
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Fig. 8. Maximum precison, recall and F-measure ealtor the prediction of a) systolic-
diastolic hypertension, b) systolic hypertensigndiastolic hypertension,
d) hypercholesterolemia and e) hypertriglyceridemigen years, and f) systolic-diastolic
hypertension, g) systolic hypertension, h) diastbiipertension, i) hypercholesterolemia and
J) hypertriglyceridemie in twenty years.

The values of Figure 8 show that it is more acautatpredict disorders in twenty years than
to predict them in ten years, specifically the jpredn of the presence of the disorders, which
is accurately inferred in twenty years but veryqppredicted in ten years in all the disorders
but diastolic hypertension. The non-presence ofdiserders is equally well-predicted for
both ten and twenty years. Among all the disordeesbest detected is diastolic hypertension,
obtaining prediction values near to 100 % accuracythe presence and non-presence of
the disorder. The worst predicted disorder is digstypertension, with the presence of
the disorder non-detectable at all in ten years.

It was also tried to predict some other diseasks,dngina pectoris, myocardial infarction,
cerebron-vascular accident and so on, but thesesimall number of observations with these
features, so the results are not relevant.

5.3 Predicting Death Cause

This experiment is analogous to the last one, lmw mwhat is tried is the prediction of
the cause of death rather than diseases or disordéus, the Death collection is used.
The algorithms were trained with the data in théryenollection for the patients of the Death
collection. The experiments were carried out fa tihree levels of groups separately and for
all the entries of all the groups together. Thailtssare presented in Figure 9. In the Normal
group, Figure 9b), the best predicted causes weneur disease and other causes. In the Risk
group, Figure 9d), the best prediction was for ptteaises but also for myocardial infarction
and coronary heart disease, that were not prediatedll in the Normal group. In the
Pathologic group, Figure 9c), the best predictatsea were tumour disease and myocardial
infarction, but stroke and general atherosclerosisld be poorly predicted, too, obtaining
much lower results for these latter causes in tierogroups. In general, Figure 9a), the
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results of prediction of death cause are very peoncluding that data from the Entry
collection has not enough information to predicatieand/or also maybe more observations
are needed. But, what is sufficient for it?
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Fig. 9. Maximum values of precision, recall and Easure, in the prediction of death causes,
for a) all the level groups as one, b) Normal grpapPathologic group and d) Risk group.
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6. Conclusions

Machine learning algorithms belonging to a variety paradigms have been applied to
knowledge discovery on medical data in two différemys: firstly, the methods have been
used in order to predict the value of one attribaftéhe patient database, given a subset of
other attributes as training features, proposing tmaximum accuracy among all
the algorithms as a measure of the strength ofefa¢éionship between those training features
and the target attribute. This measure has beewepraiseful also for comparing
the relationships between attributes in differaiugs of patients.

Secondly, the learning techniques have been apfi#tk prediction of future disorders. The

results show that some methods predict some disordetter than others. Then, it is

interesting to use all the algorithms at a time aadsider the result confidence based upon
the known tendency of each method. All the testethods perform better for twenty years

prediction than for ten years predictions, reactergellent results for some of the disorders
that make the methods suitable for decision supgdre machine learning algorithms have

been also used in the prediction of death caudajribhg poor results in this case, maybe due
to the small amount of information (entries) ofthype in the dataset.

It would be interesting for the future to finelyneithe parameters of the algorithms and to test
more techniques. It is also intended to integréitenathods with the degree of significance
and usefulness discovered in this work in orddouidd an expert system, and the derivation
of rules understandable by humans from the resiilise system will be also researched.
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Los algoritmos de aprendizaje automatico son métodoque dado un conjunto de
ejemplos de entrenamiento infieren un modelo de lasategorias en las que se agrupan
los datos, de tal forma que se pueda asignar a nuEvejemplos una 0 mas categorias de
manera automatica mediante analogia de patrones edicho modelo. Los datos del
estudio presentado son muy adecuados para este tige analisis. Muchos algoritmos de
aprendizaje automatico pertenecientes a todos losamdigmas han sido aplicados al
descubrimiento de conocimiento en datos biomédicokos algoritmos utilizados en este
trabajo pertenecen al paradigma del aprendizaje sugrvisado, tratando de cubrir la
mayoria de las clases de algoritmos pertencientes este paradigma. Dos tipos de
experimentos han sido realizados. Los del primer o tratan de validar los algoritmos
en el descubrimiento de asociaciones entre atriblgoEl segundo tipo esta orientado a la
validacion de la capacidad predictiva de disfuncioes futuras. Los datos usados para
estos experimentos han sido extraidos de un estugiceventivo, llevado a cabo durante
20 afios, de los factores de riesgo de arterosclassn hombres de mediana edad. Este
estudio se denomina STULONG (LONGitudinal STUdy). los resultados obtenidos
muestran que algunos algoritmos predicen ciertas érmedades mejor que otros, por lo
gue es interesante usar todos ellos al mismo tiempp ponderar sus resultados
individuales en base a la eficacia conocida de cadao de ellos con respecto a la
enfermedad objetivo. Se ha probado también la capatad predictiva de los algoritmos
sobre las causas de muerte, obeteniendo resultadpsbres debido quizas a la escasa
informacion presente en los datos sobre estas cassa

Palabras clave: descubrimiento de conocimiento, apndizaje automatico supervisado,
mineria de datos biomédicos, factores de riesgo deerosclerosis

1. Introduccion

Los algoritmos de aprendizaje automatico son métaae dado un conjunto de ejemplos de
entrenamiento infieren un modelo de las categ@iatas que se agrupan los datos, de tal
forma que se pueda asignar a nuevos ejemplos um@socategorias de manera automatica
mediante analogia de patrones en dicho modelos Estaicas han sido aplicadas con éxito a
una gran variedad de problemas y datos en tarepsedizcion. El objetivo principal de este

trabajo es investigar y descubrir como aplicardlg®ritmos de aprendizaje supervisado para
descubrir relaciones entre atributos y para realizadicciones que puedan ser Utiles a la
toma de decisiones. Los datos biomédicos son undagpecial de datos, ya que datos de
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diferente naturaleza recogen toda la informacidaterAas, este tipo de datos presenta ciertos
problemas conocidos: informacion ausente y dispers@lo y datos temporales. Los
algoritmos de aprendizaje automatico son muy apdus para este tipo de datos [2]. Existen
algunos trabajos sobre KDD que intentan tratariocformacion biomédica a gran escala. En
[3], los autores tratan de detectar el tipo de tigpaxtrayendo patrones de secuencia corta a
partir de caracteristicas temporales. En [4], seegn reglas sencillas usandii-miner (es
decir, tablas estadisticas de dos filas y dos cohsn para caracterizar las diferencias
temporales existentes entre las hepatitis B y G.dwgores de [5] tratan de descubrir reglas de
atributos binarios sencillos que sean capaces eldepir el nivel de fibrosis del higado. El
mismo objetivo se persigue en [6] pero utilizandtrgnes que son posteriormente agrupados
y asignados a niveles de fibrosis. Esta misma ¢aces también aplicada a la deteccion del
riesgo de arterosclerosis en [7]. Otros ejemplomoeeria de datos biomédicos se presentan
en [8] y [9]. Para los experimentos del trabajoigmesentado se ha utilizado la coleccion
denominada STULONG (LONGitudinal STUdy) [10], resdlo de un estudio durante 20
afos de los factores de riesgo de arteroscleroslombres de mediana edad. El principal
objetivo del trabajo aqui presentado es validaalgeritmos de aprendizaje automéatico como
un método de descubrimiento de asociaciones coasidie la eficacia de clasificacibn como
una medida de importancia de las asociacionesidatraAdemas, se trata de comprobar la
capacidad de prediccion de enfermedades futurasaegoritmos.

En la siguiente seccidn se presentan los detadlda doleccion STULONG. En la seccion 3,
se describen los algoritmos de aprendizaje autom&impleados. En la seccion 4 se
presentan las medidas de evaluacion del compoméoni los algoritmos y en la seccion 5
se muestran los experimentos y sus resultadosinte@nge, algunas conclusiones y trabajo
futuro se exponen en la seccion 6.

2. Descripcion del estudio y de la coleccion de aet

El corpus STULONG [10] [11] fue recopilado por 8f Repartamento de Medicina Interna, y
la I Facultad de Medicina y el Hospital General Fatiwbade Praga, y transformado a
formato electronico, asi como analizado estadisirde por el Centro Europeo de
Informatica Médica, Estadistica y Epidemiologiar@aISE) de la Universidad Charles y la
Academia de Ciencias de la Republica Checa.

Las principales pretensiones del estudio fueron:

1. Identificar la presencia de factores de riesgo (R¥-arterosclerosis en una poblacién
generalmente considerada como la mas afectadaqgsiolgs complicaciones de la
enfermedad en hombres de mediana edad.

2. Segquir el desarrollo de estos factores de riesg iynpacto en la salud de los sujetos
examinados, especialmente respecto a las enfereedaddiovasculares.

3. Estudiar el impacto de la intervencion complejaloe factores de riesgo en el
desarrollo de enfermedades cardiovasculares ymottalidad por dichas causas.

Los hombres nacidos entre 1926 y 1937 que vivianeedistrito 2 de Praga fueron

seleccionados para el estudio en 1975. Para elepnigconocimiento, 1419 de los 2370
sujetos invitados se prestaron al estudio. Laaeidin incluia una pequefia explicacion de los
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objetivos del mismo. A los sujetos que declinaranparticipacion se les envid otras dos
invitaciones para reconocimientos posteriores.

Los factores de riesgo fueron definidos en térmaeasiveles de la siguiente manera:

O O ad

]

hipertension — presion sanguinea BA.60/95 mm Hg u hombres bajo medicacion
hipertensiva,

hipercolesterolemia - colestero260mg% (6,7 mmol/l),

hipertrigliceridemia — triglicéridos 200mg% (2,2 mmol/l),

fumador:> 15 cig./dia actualmente o la misma cantidad hastfio previo al estudio
(los fumadores de puros o pipas no fueron considsraomo fumadores),

sobrepeso: indice de Brocka > 115 % (indice Broakara en cm menos 100 = 100
%),

historia médica familiar no favorable: muerte date o la madre por enfermedad
arterial coronaria o ataque cardiaco anterior &foafos de edad.

De acuerdo a la presencia de los factores de seagteriores, estado de salud general y
resultados de ECG, los sujetos fueron divididokbsrsiguientes grupos:

NG = grupo de sujetos sin factores de riesgo, sinifestacion de enfermedades
arteriales u otras enfermedades severas que mdre@osible su observacion durante
los 10 afos siguientes, y sin cambios ECG.

RG = grupo de sujetos con al menos un factor de siesgn manifestacion de
enfermedades arteriales u otras enfermedades seger hicieran imposible su
observacion durante los 10 afios siguientes, yasitbms ECG.

PG = grupo de sujetos con una enfermedad cardiovasmanifiesta u otro tipo de
disfuncion severa que hace imposible su observammdlos siguientes 10 afos. Este
grupo patoldgico (PG) incluye también a sujetos diabetes tratada con farmacos o
insulina y a sujetos con ECG patologico, de acuatdddigo ECG de Minnesota.

Las observaciones a largo plazo de los pacienteeagaron de acuerdo a los grupos
descritos anteriormente:

36

El grupo de riesg®G fue dividido aleatoriamente en dos subgrupos desigs como
RGI (grupo de riesgo intervenido)RGC (grupo de riesgo de control). Los pacientes
en el grupdRrGl fueron invitados al reconocimiento un minimo de &leces al afio.
Siguiendo la administracion farmacoldgica fuerotorecidos cuando fue necesario.
Los pacientes en el grufGC

recibieron un pequefio informe escrito que contsagaresultados de laboratorio y su
descripcion ECG, ademas de una recomendacion derpae estos resultados a sus
doctores. La intervencion con respecto a estodtag®s fue puesta en manos de sus
doctores. En un primer estudio, no se encontréumagdiferencia significativa en
edad, factores socioeconomicos o factores de riesge ambos grupos.

El 10 % de los sujetos en el gru& fue examinado un minimo de una vez al afio. —

(se les denominaNGS); En este grupo, analogamente al grupo de rietao,
intervencion fue iniciada en cuanto se identificéeyconfirmé alguno de los factores
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de riesgo (hiperlipidemia, hipertension arteriét, e El resto de sujetos del grup&
fueron invitados a realizar un control entre 1®@yafios después.
0 Los sujetos del grupBG fueron excluidos de cualquier observacion posterio

La intervencion fue un problema clave en el estugdicse basé en la influencia no
farmacoldgica. Se trataron de modificar y optimiparfactores de riesgo:

0 Intervencibn No Farmacoldgicarecomendaciones sobre estilo de vida, dieta,
actividad fisica, habito de fumar, disminuciéon desq etc. Las recomendaciones
fueron realizadas en cada observacion centradas éactor de riesgo especifico en
cada sujeto, exceptuando algunas instruccioneardeter general.

0 Intervencidn Farmacologica:tratamiento de la hipertension arterial y de la
hiperlipoproteinemia. Fue muy leve en las etapagptanas del estudio y mas severa
en los ultimos afios del mismo. La terapia farmagioBbfue impuesta con respecto al
conjunto general de factores de riesgo.

Después de todo el proceso de adquisicion de ltss,dauatro conjuntos de los mismos
fueron usados para el analisis:

1. El conjunto ENTRY contiene valores de 244 atributos obtenidos deprimera
observacion de cada sujeto. Estos atributos saga®0d medidas y transformaciones
de medidas de diferentes variables (identificatfonjlia e historial personal, factores
sociales — educacion, actividad fisica, tabaco,itbsibde dieta, alcohol, medidas
antropométricas — altura, peso, presion sanguimeélap, pruebas de laboratorio y
codigo ECG).

2. EIl conjuntoCONTROLcontiene resultados de exdmenes de control catribfutos.
Estos atributos corresponden al identificador, damben los habitos, historial
personal, valores fisicos y bioquimicos, y datosbreo hipertension,
hipercolesterolemia, hipertrigliceridemia y otramnfeemedades coronarias y
oncoldgicas. Este conjunto se compone de un tetabDgb72 registros.

3. Informacion adicional sobre el estado de salud @8 dujetos que declinaron la
primera invitacion fue recogida mediante cuestimsapor correo. Los valores de los
62 atributos recogidos en los cuestionarios se@naon en el conjuntcETTER

4. El conjunto DEATH contiene informacion sobre las causas de la muigte389
pacientes, descritas mediante 5 atributos, adeelasehtificador de los sujetos y la
fecha de su muerte.

3. Descripcion de las técnicas de aprendizaje aut@mnco
empleadas

Todos los algoritmos empleados pertenecen al garedide aprendizaje supervisado, es
decir, necesitan una etapa de aprendizaje pardrgons modelo a partir de los datos de

entrenamiento para después usar ese modelo eade@oén o inferencia de la categoria de

ejemplos desconocidos. Se han empleado variostatgsrtratando de representar a todas las
clases de algoritmos dentro del paradigma. Cada decestos algoritmos se describe

brevemente a continuacion:
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3.1 Naive Bayes

Naive Bayes [12] calcula, para cada par atributoryapor ejemplo (educacién,
universitaria) la probabilidad de pertenecer a cada categonédiehdo el nimero de
ejemplos de cada categoria donde el par apareae a@mrmumero total de ejemplos donde el
par aparece. De esta forma, cada par tendra asoursa probabilidad para cada posible
categoria. Naive Bayes estad basado en la supogieidque cada par atributo-valor de un
ejemplo es independiente del resto. Asi, cuandgiemplo nuevo se clasifica, la probabilidad
asociada a cada categoria es la multiplicacionadprdbabilidad para la correspondiente
categoria de cada uno de los pares que conforngeneplo. La categoria final asignada es la
gue mas alta probabilidad asociada tiene.

3.2 Perceptron Multicapa
El modelo de clasificacién de la Red Neuronal Reréa Multicapa [12] esta compuesto de

un cierto niumero de capas de neuronas intercoraectaudre si. La arquitectura usada en este
trabajo se muestra en la Figura 1.

Capa Enrada Capa Ooalta Capa Salida

Figura 1. Arquitectura empleada de la Red NeurdPalceptron Multicapa.

Cada conexion tiene un peso asociado. La entrackda neurona es la suma ponderada,
usando los pesos de asociacién, de todos los satateantes. La salida de cada neurona es el
resultado de aplicar una funcion. En este casonpkementd una funcion sigmoide tipica en
todas las neuronas. La Figura 2 muestra la repiasén y expresion de la funcion.

fiz)1=
(x) 1+e*= Input

Figura 2. Expresion y representacion de la functmoide.
Asi, cada valor de cada atributo de un ejemplmseduce en la neurona correspondiente de

la capa de entrada y los valores se propagan pedlhasta la capa de salida, donde el valor
resultante de la neurona de salida correspondeadgoria inferida.
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La etapa de entrenamiento consiste en, dado umirdongle pesos iniciales, introducir cada
uno de los ejemplos de entrenamiento en el modetonyparar el valor de salida con la
categoria real esperada. Dependiendo del error adecldse inferida, el algoritmo
backpropagatiormodifica los pesos desde la capa de salida a émtlada para hacer que la
salida inferida sea igual a la esperada. Este poose lleva a cabo un nimero determinado de
épocas o iteraciones. En este caso, se empleatetflones en la fase de entrenamiento. La
cantidad en la que los pesos son modificados, Han@sa de aprendizaje, es igual a 0.3 y el
momento aplicado a los pesos durante su actuaizaes de 0.2. Si el algoritmo de
aprendizaje no alcanza una buena aproximaciérsalilda esperada después de una iteracion
completa, se inicializa y provoca un decrementtad¢asa de aprendizaje.

3.3 Maquinas de Vectores de Soporte (SVM)

Las Maquinas de Vectores de Soporte [14] intengparar los ejemplos, basandose en su
categoria, en el espacio de dimensiones siendm el numero total de atributos o
caracteristicas, mediante hiperplanos de la favmab, tal que

X W + b>+1 — categoria = si

X W + b>-1— categoria = no

siendox el ejemplo representado como un vector de n coemien. Aquiw es el vector de

soporte perpendicular al hiperplano, y correspanties ejemplos que se sitian mas alla o en
los limites de la categoria a la que pertenecanHigeira 3).

Feature,;.q
& . ’
Margin = B
. \\ " Active Class
1 K Pt
= im
Y
L% :'_.. .
@ <
K ~
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& ~ Hyper-plane
® @
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Figura 3. Esquema de los Vectores de Soporte.

Los vectores de soporte definen también, mediante&ulo, un margen unitario entre el
hiperplano y los ejemplos positivos y negativos ggrganos (esa es la razon de los umbrales
+1 y -1). Para cada categoria el algoritmo traterm®ntraw maximizando el margen. Para
clasificar un ejemplo nuevo simplemente se apli@aekpresion anterior. Esta simple
implementacion del método es la que se empleasexperimentos, aunque existe una gran
abanico de variaciones mucho mas sofisticadas.
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3.4 K-Vecinos Mas Cercanos (KNN)

KNN es un algoritmo basado en memoria [15], codda subyacente de que las experiencias
pasadas pueden ayudar a resolver las presenteameednalogia. Considera a cada ejemplo
como un vector den componentes, siendo nuevamemteel nimero de atributos o
caracteristicas. No necesita una etapa de apr¢gmdRara inferir la clase de un ejemplo
desconocido hasta el momento, el algoritmo comeseaejemplo con todos los ejemplos de
entrenamiento 0 memoria calculando la distanciaeeptlos. A continuacién, la clase
mayoritaria de entre Ids ejemplos mas similares al de entrada es la cdtenderida para el
mismo. La medida de distancia empleada es la distdfuclidea entre dos vectores. Sin
embargo, existen mas posibilidades recogidas iedatura.

3.5 Arboles de Decision ID3y C4.5

El modelo producido por este algoritmo es un afb6], donde cada nodo corresponde a un
atributo y cada arco del nodo corresponde a urbfgogalor del atributo nodo.

El algoritmo de aprendizaje construye el arbol dipde los datos de entrenamiento. La
seleccion del atributo que formara un nodo en ecadmento es llevada a cado mediante el
calculo de la entropia de los datos después lacéfe Esto es, para cada atributo se calcula
la entropia de los datos restantes agrupados gqrosibles valores del atributo evaluado. El
atributo cuyos valores produzcan una entropia mesoel seleccionado para formar el
siguiente nodo. El proceso continua hasta que gomes atributos que seleccionar o bien
hasta que el nimero de ejemplos agrupados bajodm @ menor que un umbral. En este
altimo caso, se forma un nodo hoja correspondiarite categoria mayoritaria de los nodos
agrupados bajo ese nodo. En la Figura 4 se muestgmplo sencillo:

flies?
yes no
/ \
body covering habitat
halr feathers scales gther rana water
o WU @ o
1] /bm:iycovermg breathe\s %
//\ yes no

hair Tfeathers scales other \
gl (o] /}Odyoifermg\lﬂ

hair feathers scales other

o o O o

Figura 4. Ejemplo de arbol de decision.
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En el ejemplo se identifican 4 atributogiela, recubrimiento del cuerpo, habitatrespira
aire, y cuatro posibles categoriams; b, fy r En este caso, el primer atributo es vuela porque
es el que produce la division de los datos coropfdrminima en ese nivel, y andlogamente
con el resto. Para clasificar un ejemplo nuevo Bapque seguir el arbol de arriba abajo y la
hoja final es la categoria inferida. Los caminosddela raiz hasta los nodos hoja se pueden
ver como reglas, donde el antecedente esta forpadi@ interseccién de los pares atributo-
valor de los caminos.

C4.5 es una ampliacion de ID3 que permite el usatdieutos numéricos continuos, tiene en
cuenta los valores ausentes y realiza un procegodie inteligente del arbol para reducir su
tamafio y permitir asi tratar con un gran numercejgeplos. El arbol J48 usado en los
experimentos de este trabajo es una implementdeid@y.5.

3.6 Extraccion de Reglas Ridor

Ridor abrevia a Rlpple-DOwn Rule [17]. Este algontgenera una regla por defecto que se
ajuste a la mayoria de los ejemplos de entrenamightego busca excepciones con la menor
tasa de error al clasificar los propios ejemplosedgenamiento. A continuacion genera las
excepciones a las excepciones con menos error,aderanrecursiva. Asi, lleva a cabo una
expansion de excepciones en forma de arbol dondaizaesta formada por la regla por
defecto. Las excepciones son un conjunto de reglagredicen las clases que no contempla
la regla por defecto. IREP una implementacion déoRy es el algoritmo empleado para
encontrar excepciones. Este construye las regkdieido un término al antecedente en cada
iteracion de tal forma que el error se minimices té&rminos del antecedente son de la forma
(atributo {=,#,<,>} valor).

4. Evaluacion

Los procesos y medidas de evaluacion son los miga@stodos los experimentos: dada la

coleccién de datos, una parte de la misma es amasid como conjunto de entrenamiento y

el resto como conjunto de test. Asi, los modelagragen del conjunto de entrenamiento y

tratan de inferir las categorias de los ejempldsaejunto de test. Puesto que las categorias
de éstos ultimos son conocidas se pueden validantarencias de los modelos. Asi pues,

esta validacion se realiza para cada categoria ameditres medidas tipicas: precision,

cobertura y medida-F [18]. La precision es el potage de predicciones de una categoria que
son correctas. La Ecuacion 1 muestra la expregiéliti@a de la precision.

n° de prediccionss correcias de categoria;

Frecision{categoriay = P ;
(categoria) n° total de predicciones de categoria;

(1)

La cobertura es el porcentaje de todos los ejesndotest pertenecientes a una categoria y
gue son correctamente inferidos. Su expresiontar@aiie muestra en la Ecuacion 2.

1" de predicciones correcias de categoria;
»n° total de ejemplos de catecoria; )

Coberiurafcategory) =
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La medida-F es una combinacién de las medidasiam®e. Representa, en cierto modo, la
interseccion entre los ejemplos implicados en lacigion y la cobertura, normalizada
mediante la suma de ambas. La Ecuacion 3 presemtgpsesion analitica.

2 * Precision * Cobertura
Frecizicn + Coberiura

Medida-F =
3)

Asi pues, estas tres medidas se calculan paracaselgoria del conjunto de test. Como se ha
comentado antes, dada la coleccion es necesartriden conjuntos de entrenamiento y de
test. Un proceso comun de evaluaciéon es la vabdaciuzada. La coleccion se divide ren
partes iguales. A continuacion, cada combinacion-departes se emplea como conjunto de
entrenamiento y la parte restante como test, dertala que el algoritmo se ejecutaeces y

las medidas finales son la media dernagecuciones. Para todos los experimentos deseritos
continuacion el valor de es igual a 3, de tal forma que el entrenamiergmgie es un 66%
del conjunto total, ejecutando cada algoritmo 3eget¢iabitualmente, el valor dees mayor
qgue 3 (tipicamente igual a 10), pero en este cag®ien pocos ejemplos en algunas de las
categorias y un valor mayor depodria generar conjuntos de test sin represemamsiolas
categorias mencionadas, lo que no es en absolsiéalle.

5. Experimentos

Se han llevado a cabo dos tipos de experimentosl| gimero de ellos se tratan de descubrir
asociaciones entre atributos considerando las medid la eficacia de la clasificacion como
un indicador de la importancia de las asociaciortels.resto de experimentos estan
encaminados a la validacion de los algoritmos gmédiccion de enfermedades futuras.

Es necesario indicar que las observaciones endtis djue presentan valores ausentes no
fueron eliminadas ni sustituidas, ya que las imgletaiciones de los algoritmos empleados

son capaces de tratar con dichos valores. Dichpteimentaciones son las incluidas en el

entorno de descubrimiento de conocimiento WEKA [18§adas con los pardmetros por

defecto en los experimentos descritos a continnacio

5.1 Encontrando respuestas

Los primeros experimentos estan relacionados ouastiones analiticas propuestas por el
Discovery Challenge de la conferencia ECML/PKDD 209 més concretamente con las
relacionadas con el conjunto ENTRY. Estas tareassisten en el descubrimiento de
relaciones en tres grupos diferentes de sujetogpogormal (NG), grupo de Riesgo (RG) y
grupo Patoldgico (PG). Estos grupos correspondies aiveles de riesgo de arterosclerosis
descritos en la Seccién 2 y seran denominados @popns de nivel de ahora en adelante.
Las relaciones objetivo son las que asocian louatrs referentes a factores sociales con el
resto, los referentes a actividad fisica con dborgsasi sucesivamente. De esta manera, los
algoritmos de aprendizaje automatico son aplicatsnanera independiente a los datos
correspondientes a cada grupo de nivel, intentgmddecir el valor de cada uno de los
atributos como categorias. Asi, por ejemplo, dddescuatro atributos correspondientes a
factores sociales como atributos de entrenamidoto.algoritmos se ejecutan de manera
independiente para predecir el valor de cada unosleuatro atributos de actividad fisica, y
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analogamente con el resto de atributos. Para etatddn, se calculan los valores maximos de
entre los resultados de todos los algoritmos. Bsatares permitirdn la comparacion entre
grupos de nivel. Si la eficacia de clasificaciérbasna se puede decir que existe una relacion
fuerte, con un grado igual al valor de dicha efmaentre los atributos empleados para el
entrenamiento y el atributo cuyos valores se trdtamferir. Dicho grado permitira comparar
las relaciones en los distintos grupos de nivel.

Debido a las limitaciones de espacio, sOlo se ptasealgunos de los resultados mas
representativos. En la Figura 5 se presenta, @@ eno de los grupos de nivel (a) Normal,
b) Patologico y ¢) Riesgo, respectivamente, laipi@t, cobertura y medida-F maximas para
la prediccion del atributo “Fumar” dados los faewrsociales, y analogamente dados los
factores fisicos de d) a e). Como se puede obseevarel grupo Normal, los mejores
resultados de prediccion se obtienen para loscsujed fumadores, ya sea a partir de los
factores sociales o de la actividad fisica, sieetoesto de valores no significativos. Es
perceptible también que la relacién entre fact@@sales y “Fumar” es ligeramente mas
fuerte que entre actividad fisica y “Fumar”, ya qoéas las medidas son algo mejores en el
primer caso. Tanto en los grupos Patoldgico comRBidsego, la relacion entre los atributos de
entrenamiento y la categoria de no fumadores esfuedi® con la actividad fisica, siendo
especialmente fuerte en el grupo Patologico. Evsagtupos, los sujetos que fuman 15 o mas
cigarrillos al dia son mas precisamente detectgdesen el grupo Normal, aunque no asi los
no fumadores.
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Figura 5. Precision, cobertura y medida-F maximasethtre todos los algoritmos para la

prediccion dé'Fumar’, dados los factores sociales en a) grupo Normadirbpo Patolégico

y ¢) grupo de Riesgo, y dada la actividad fisicalgrupo Normal, €) grupo Patologico y
f) grupo de Riesgo.
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Figura 6. Media y maximo del error absoluto, ercradratico medio, error relativo y error
cuadratico relativo de todos los algoritmos pargolediccion del nivel de colesterol, dados
los factores sociales en a) grupo Normal, b) griabologico y ¢) grupo de Riesgo, y dada la

actividad fisica en d) grupo Normal, e) grupo Patpto y f) grupo de Riesgo.

Veamos otro ejemplo representativo. La Figura &gt los resultados de la prediccion del
nivel de colesterol dado los factores sociales,@grab) y c), y dada la actividad fisica, d), e)
y f) para cada grupo de nivel respectivamente. @ easo, los resultados de prediccion son
muy similares para los dos conjuntos de atributw®mtrenamiento en todos los grupos de
nivel, por lo que podemos concluir que las fuerdasla relaciones también lo son. Sin
embargo, la prediccion varia de un grupo de nivetra. En el grupo Normal, el error de
prediccion medio es de alrededor de 24, siendammi 50 y 40 en los grupos Patoldgico y
Normal, respectivamente, concluyendo que es méspfédecir el nivel de colesterol, ya sea
a partir de factores sociales o de actividad figiema los sujetos en el grupo Normal. Este
hecho denota una fuerte relacion entre los factbeemntrenamiento y el nivel de colesterol en
este grupo de nivel.

Finalmente, la Figura 7 muestra los resultados meligcion de los valores del atributo

“Alcohol”, dados los factores sociales y la actaddfisica por separado para cada uno de los
grupos de nivel, anadlogamente a las figuras amésrio
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Figura 7. Precision, cobertura y medida-F maximasettre todos los algoritmos para la

prediccion dé'Alcohol’, dados los factores sociales en a) grupo Normedjrbpo Patologico

y ¢) grupo de Riesgo, y dada la actividad fisicalgrupo Normal, €) grupo Patoldgico y
f) grupo de Riesgo.

Los resultados de la Figura 7 muestran que existeclara relacion en todos los grupos de
nivel entre los atributos de entrenamiento y Igetes que beben alcohol ocasionalmente. Los
sujetos que beben de forma regular son mas dffidiéeser detectados a partir de los factores
de entrenamiento, presentando una leve asociag@émmente mas significativa en el grupo
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Patoldgico. Se puede decir lo mismo, con respedtsoagtividad fisica, para los sujetos que
nunca beben alcohol. Sin embargo, la precisidbrageddiccion se incrementa notablemente
dados los factores sociales en los grupos Norntl RRiesgo. Los sujetos que nunca beben
son identificados de manera precisa a partir deatabutos sociales, lo que denota una
relacion significativa entre los factores involudtwa.

Los atributos de entrenamiento se presentan cotnadanconjunta a los algoritmos. Desde el
punto de vista médico es también interesante Sepeastos atributos y presentar
combinaciones de los mismos. Asi, se intentd piedeealor de actividad fisica en el trabajo
a partir de todas las posibles combinaciones dieutds sociales. Los resultados mostraron
gue, para los grupos Normal y de Riesgo, el atilolet entrenamiento de nivel educativo por
si solo obtenia resultados mucho mejores que deadqdel resto de posibles combinaciones
de atributos sociales. En el grupo Patoldgico éssiitados son similares, aunque la diferencia
no es tan notoria como en los otros grupos, sieBdad+Nivel Educativo la mejor
combinacion de atributos para predecir la activiiisida en el trabajo.

5.2 Prediccion de disfunciones futuras

El objetivo principal de los experimentos descraiosontinuacion es comprobar la eficacia de
la prediccion de disfunciones futuras. En este cademas del conjunténtry, el conjunto
Control de la coleccion también se emplea. Primerameatselgccionaron los pacientes con
registros posteriores a 10 afios desde su entradal estudio del subconjunto Control.
Después, usando sus atributos correspondientesod@into Entry se intentd predecir si
padecerian alguna enfermedad en 10 afos. Las etfades consideradas son hipertension
sistOlica, diastdlica o sistolica-diastolica, higaesterolemia y hipertrigliceridemia. Los
valores correspondientes a estos atributos sommaderd o falso, es decir, la padecen o no. La
misma tarea de prediccion también fue realizada gisfunciones en 20 afios. Los resultados
muestran que el Perceptrén Multicapa fue el mdgoramo, alcanzando valores cercanos al
85% de precision y 65% de cobertura en la deteatédodas las enfermedades. Puesto que el
riesgo de hipertension en el grupo de Riesgo a3 yallgunos de estos pacientes padecian
hipertension desde el principio del estudio, es mi@sesante desde el punto de vista médico
la prediccion de enfermedades en el grupo Normal. pues, el mismo proceso se ha
realizado s6lo en el grupo mencionado para la pegh a 10 y a 20 afios. Los resultados
para las diferentes disfunciones se presentan Eiglaa 8, a) a e), respectivamente para 10
afnos y f) a j), respectivamente para 20 afios. €ata disfuncién, se muestran los valores
maximos de entre todos los algoritmos. En este gasxiste ningun algoritmo que destaque
con respecto a los demas. Dependiendo de la diéfuatgunos algoritmos funcionan mejor
que otros, por lo que es interesante usar todoméiedos y tomar decisiones a partir de sus
resultados conjuntos. Es interesante comentarajpestliccion es mucho mas eficaz cuando
se consideran todos los grupos de nivel conjunteameonfirmando el interés previo en el
grupo Normal.

Los valores de la Figura 8 muestran que es masspriecprediccion a 20 afios que a 10 afios.
De hecho, la deteccion de la presencia (y no leraig) de disfunciones se infiere de manera
mas precisa a 20 afios. La ausencia de disfuncamiggialmente bien inferida para cualquier
intervalo de tiempo. Entre todas las disfunciornesmiejor detectada en la hipertension
diastolica, obteniendo valores entorno al 100% reéeipion tanto para la ausencia como para
la presencia de la disfuncién. La mas dificil ddaed&r es la hipertension diastolica,
imposible de detectar en 10 afos.
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Figura 8. Maxima precision, cobertura y medida-Faé#a prediccion de a) hipertension
sistOlica-diastdlica, b) hipertension sistdlica,hdpertension diastolica,
d) hipercolesterolemia y e) hipertrigliceridemia &0 afos, y f) hipertension sistolica-
diastdlica, g) hipertension sistdlica, h) hipert@nsdiastolica, i) hipercolesterolemia 'y
J) hipertrigliceridemia en 20 afos.

También se intentaron predecir otras disfunciormaocla angina de pecho, el infarto de
miocardio, infarto cerebro-vascular, etc., pero cdagl escaso numero de ejemplos
correspondiente no se puede extraer ninguna cotelde los resultados.

5.3 Prediccion de la causa de muerte

Este experimento es analogo al anterior, pero ab®raata de predecir la causa de muerte,
por lo que se emplea el conjurideathde la coleccion. Los algoritmos fueron entrenamtns

los datos del conjunt&ntry de los pacientes presentes en el conjuDgath Los
experimentos se realizaron para cada grupo de poreseparado y para los tres juntos. Los
resultados se presentan en la Figura 9. En el glgomal, Figura 9 b), la causa de muerte
mas detectada fue la enfermedad tumoral. En elogdgpRiesgo, Figura 9 d), otras causas
desconocidas, ademas del infarto de miocardio grevd@dad coronaria fueron las causas
mejor inferidas, en absoluto detectadas en el gNgranal. En el grupo Patoldgico, Figura 9
c), las causas mejor inferidas fueron la enfermedambral y el infarto de miocardio. Aunque
el paro cardiaco y la arterosclerosis general fudevemente detectadas en el grupo
Patoldgico, en los anteriores grupos no pudierorningeridas. De manera general con todos
los grupos unidos, Figura 9 a), los resultadosrddigcion son muy pobres, concluyendo que
los datos del conjuntBntry no poseen suficiente informacion para poder pietiecausa de
muerte, 0 quizas se necesiten mas registros deasulr pacientes.

6. Conclusiones

Se han aplicado diferentes algoritmos de apreralizajtomatico al descubrimiento de
conocimiento en datos biomédicos de dos manerdisitdss primero, los métodos se han
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usado para predecir el valor de un atributo deolaccion dado un subconjunto de otros
atributos como entrenamiento, proponiendo la maxafieacia entre todos los algoritmos

como medida de la fuerza de la asociacion entrathisutos de entrenamiento y el atributo

objetivo. Esta medida ha resultado util tambiéragarcomparacion de las asociaciones en
diferentes grupos de pacientes.
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Figura 9. Maximos valores de precision, cobertunagdida-F en la prediccion de causa de
muerte para a) todos los grupos de nivel juntograpo Normal, c) grupo Patologico y
d) grupo de Riesgo.
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En segundo lugar, las técnicas de aprendizajers@piecado a la prediccion de disfunciones
futuras. Los resultados muestran que algunos metpalicen ciertos desérdenes mejor que
otros, por lo que es interesante usar todos lagiatyps y considerar sus resultados en base a
la tendencia conocida de cada método. Todos |lasiigps empleados predicen mejor a 20
afios que a 10, alcanzando excelentes resultadasajgamas de las disfunciones, lo que les
hace adecuados para la ayuda a la toma de deasibag algoritmos también han sido
evaluados en la prediccion de causas de muerteniehtlo resultados poco significativos
debido quizas a la escasa informacion de estetgsente en la coleccion.

En un futuro cercano se pretende ajustar y optimias parametros de los algoritmos y
evaluar mas métodos. Se pretende también integglas tlos algoritmos con los grados de
significacion y utilidad hallados en este trabajargp construir un sistema experto. Se
investigara también la derivacién de reglas a pd#ilos resultados de los algoritmos que
sean interpretables por los médicos y especialistas
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Metody strojoveho weni pro vyhledavani
znalosti v lekarskych datech o ateroskleroze
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Republic

Techniky strojového weni jsou metody, které umozni vytvéit z trénovaci mnoziny
piipadi model pro kategorie dat tak, Ze mohou byt nové (m@amé) pripady zafazeny do
jedné nebo vice kategorii schématem odpovidajicimadelu. Pro tento typ analyzy jsou
velmi vhodna data ze studii sledujicich ufitou skupinu osob s opakovanym sérem dat
stejného typu. K vyhledavani znalosti z medicinskycdat bylo uzito raznych algoritmi
strojového weni. Bylo testovano gkolik algoritm @ tak, aby bylo mozno pokryt WtSinu
zpusoba uceni s Witelem. Byly provedeny dva typy pokus&. Jeden hledal vztahy mezi
atributy, druhy testoval predikci budoucich p¥ihod. Pro pokusy v tomto sdleni byla
uzita data z dvacet let trvajici longitudinélni primarné preventivni studie rizikovych
faktora (RF) aterosklerézy u muii stfedniho Wku. Studie se nazyva STULONG
(LONGitudinal STUdy). Vysledky ukazuji, Ze nékteré metody predpovidaji nékteré
poruchy lépe nez jiné a Ze je tedy vhodné pouzit @dhny algoritmy najednou a
posuzovat spolehlivost vysledku na zakladznamého trendu kazdé metody. Algoritmy
strojového weni byly také pouzity k predpowdi p¥i¢iny umrti. V tomto pr¥ipadé byly
vysledky nevalné, pravé&podobné pro malé mnoZzstvi informace ve vstupnich polozkach
v datového souboru.

Kli¢cova slova: dobyvani znalosti, strojové ¢&eni s Witelem, vytéZovani
z biomedicinskych dat, rizikové faktory ateroskler@y

1. Uvod

Techniky strojového d&eni [1] jsou metody, které umozni vytitoz trénovaci mnoziny
piipadi model pro kategorie dat, takZze mohou byt novér{@e®) pipady z#azeny do jedné
nebo vice kategorii schématem odpovidajicim modelu.

Techniky strojového deni byly asgsre pouzity kieSeni pedpovdnich Gloh urady iznych
problémi a dat. Zakladnim Ukolem je zjistit, jak pouZit@igmi strojového teni na tato
data s cilem odhalit vztahy mezi atributy a vytvpredikce, které by mohly byt uzieé pro
podporu rozhodovani. Medicinsk& data jsou spegifidiuh dat, protoZzeipjejich skéru je
zaznamenavano mnohdznych druli atributi. Nicméré, medicinska data maji¢kolik
znamych problérit chykgjici, nespravné nebo matetné informace daso¥ omezena data.
Pro tento typ dat jsou velmi vhodné metody strojmvéteni [2]. Rada praci KDD
(knowledge discovery from databases — ziskavaniogtiaz databazi) se snazi pracovat s
rozsahlym mnozstvim Iékskych informaci. V praci [3] se autgokouSeji Wit typ zarétu
jater tim, Ze vyberou kratky sled charakteristikazow ohranteného zaznamu. V préci [4]
byla podobna uUloh&eSena pomoci metodstyipolnich tabulek (tj. statistickych tabulek
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s deémaiadky a d¢ma sloupci), aby bylo mozZno stanovit 2ajater typu B a C z rozdil
onemockni. Autai v [5] se pokusilitesSit tlohu jednoduchymi boolen ddaji (ano-ne), éter
mohou gedpovidat stadium jaterni cirhdzy. Podobné aplikagté autdi v [6], ale v tomto
piipadt byly vybrané piznaky spojeny a tyto blokytjznaki byly pritazeny ke stadiu jaterni
cirh6zy, coz zaviselo na zahrnutyckigadech. Tato technika byla také pouzitayscovani
rizika aterosklerézy [7]. Pro analyzu jsou velmiodnmé studie se sledovanim osob a
opakovanym shromddvanim dat stejného typu. DalSitildgady ziskdvani znalosti
z biomedicinckych dat ukazuji prace [8] a [9]. Pakusy v tomto sgleni byla pouzita data
z dvacetileté longitudinalni prim&fpreventivni studie rizikovych faktdo(RF) aterosklerozy
u muzi stedniho ¥ku. Studie se nazyvd STULONG (LONGitudinalni STUdi0], [11].
Hlavnim cilem &chto pokus je vyhodnotit strojové ¢eni jako zfisob vyhledavani asociaci a
zhodnotit vystup klasifikace pro dreni charakteristickych rys nalezenych asociaci.
Algoritmy strojového deni jsou také pouzivany pro testovani predpovd poruch ve
vzdalené budoucnosti.

V nasledujicicasti jsou uvedeny podrobnosti o souboru dat st8@LONG. V ¢asti 3 jsou
popséany testované algoritmy strojovélieni. Cast 4 pedklada niteni pro hodnoceni @ast
5 popisuje validaci pokus Na za¥r jsou v casti 6 uvedeny zé@&vecné poznamky a navrh
dalSi prace.

2. Popis studie a souboru dat

Data studie STULONG (http://euromise.vse.cz/chgé2004/index.html) [10], [11] byla
ziskadvana v letech 1975-1999 na Il. interni klinfcelékaské fakulty Univerzity Karlovy
v Praze a VSeobecné fakultni nemocnice v Praze bda gevadna do elektronické formy
Evropskym centrem pro Iékekou informatiku, statistiku a epidemiologii Unizéy Karlovy
v Praze a Akademiedd Ceské republiky v Praze v letech 1994-1999 a posdyaovana
statisticky.

Hlavni cile studie byly:

1. Zjistit prevalenci rizikovych faktdr (RF) aterosklerdzy v populaci, ktera je vSeolgecn
povaZzovana za nejohrozg&i moznymi komplikacemi aterosklerozy, tj. u muz
stredniho ¢ku.

2. Sledovat vyvoj &chto RF a jejich dopad na zdravi vygetych mug, zejména na
vznik aterosklerotickych srde¢-cévnich onemocimi.

3. Zhodnotit dopad komplexni intervence RF na vyvmjhto RF a na srdeé-cévni
nemocnost a umrtnost sledovanych tuz

V roce 1975 byli z volebnich seznarRrahy 2 vybrani muzi narozeni v letech 1926-1937 a
Zijici v obvodu Prahy 2. Na prvni vygeni se dostavilo z 2370 pozvanych 1419 muz
Vstupni vySeteni byla provedena v letech 1976-1979. V dopiserykh byli muzi zvani

k vySeteni, byly kratce vysitleny cile studie, gibéh vstupniho vySéeni a @el dalSiho
sledovani. Muzi byli pozadani o spolupréaci. V tébé&lmebyl vyZzadovan k dasti na studii
podpis informovaného souhlasu. Pokud muZ reagawvglazvani a fiSel na prvni vyséeni,
povazovali jsme to za dostaty souhlas s vyS&nim, dalSim sledovanim a analyzou
vysledii. Pokud muZ na prvni pozvani nereagoval, zaslalejsnu dalSi, maximaindw,
pozvani.
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Rizikové faktory byly stanoveny podle tehdejSiclime nasledova:

[ I

[

hypertenze — krevni tlak 160/95 mm Hg nebo muZi, uzivajici léky ke snizeni
krevniho tlaku,

hypercholesterolemie — celkovy cholesterd60mg% (6,7 mmol/l),
hypertriglyceridemie — triglyceridy 200mg% (2,2 mmol/l),

koureni: > 15 cigaret/den v s@asné dob nebo stejné mnozstvi cigaret kenych
denr¢ v doke kratSi nez 1 rokied vstupem do studie (Kci dymek nebo doutnik
byli zafazeni mezi nekidky),

nadvaha: Brocka index > 115 % (Brocka index: vygkan - 100 = 100 %),

pozitivni rodinn4 anamnéza: amrti otce nebo matkyschemickou chorobu sr&d
nebo cévni mozkovourihodu fFed jejich 65. rokem&ku.

Podle pitomnosti RF, celkového zdravotniho stavu a naleauzaznamu EKG byli muzi
rozcleni do nasledujicich skupin:

]

NG = Normalni skupina — skupina mubez RF definovanych vysSe, bez manifestniho
aterosklerotického onemao#m nebo jiného zavazného oneménmiy které by bréanilo
jejich desetiletému sledovani a bezeimma EKG zaznamu.

RG = Rizikova skupina — skupina mus alespt jednim RF podle vySe uvedené
definice, bez manifestniho aterosklerotického ormawm nebo jiného zavazného
onemocgni, které by branilo jejich desetiletému sledovanbeze zrn na EKG
zaznamu.

PG = patologickd skupina — skupina nius manifestnim aterosklerotickym
onemocknim nebo jinym zavaznych onem@amm, které by branilo jejich
desetiletému sledovani (rapmaligni onemoadini, pokra@ilé jaterni nebo ledvinné
selhani, zavazné neurologické nebo psychické pgjudh patologické skupi® byli
téZ muzi s cukrovkou, &&ni peroralnimi antidiabetiky nebo inzulinem a mazi
patologickym nalezem na EKG zaznamu podle Minné&sbis kodu.

Pro dlouhodobé sledovani byli pacienti réiethi do nasledujicich skupin:

64

Rizikova skupinaRG byla randomizovah rozcElena na d¥ podskupiny ozn&gené
jako RGI (intervenovana rizikova skupina) RGC (kontrolni rizikova skupina).
Pacienti RGI skupiny byli zvani na kontrolu nejmé&ndvakrat r@né, pri
farmakologické intervenci byli zvani podle peby. Pacienti RGC skupiny obdrzeli
kratkou pisemnou zpravwetrg laboratornich vysledk a popisu EKG zaznamu s
dopori&enim, aby tyto vysledky ipdali svému oSatjicimu |ékdi. Pripadna
intervence RF byla ponechana na rozhodnuti tolédtad. MuZzi ze skupiny RGC byli
zvani na kontrolu jedenkrat ¢o¢. Fri prvnim vySeteni nebyly mezi skupinami RGI a
RGC signifikantni rozdily ve &ku, socio-ekonomickych ukazatelich, ani ve vyskytu
RF.

10 % mui z NG skupiny bylo kontrolovano jedenkrat ¢&r&é podobg muZi
rizikovych skupin (byli oznéeni jako NGS — sledovani). V této skupir podobs
jako ve skupid RGI — byla zahdjena intervence RF co tieg po jejich zjisni
(hypertenze, hyperlipidemie). Ostatni muzi z NG pglzvani na kontrolu za 10-12 let
po prvnim vysé&eni.

Muzi z PG skupiny byli ze sledovani vylgeni.
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Intervence RF wrla ve studii kléové postaveni a byla vzdy zah§jena nefarmakologicky
opatenimi. Snazili jsme se o Upravu RF a dosazenhjgptimalnich hodnot.

1 Nefarmakologicka intervenc@ohovor o Zivotnim tylu, tj. stravovanélésné aktivig,
vhodnosti, resp. nutnosti zanechat iemi a snizit vahu. Tyto pohovory bylyi gazdé
kontrole opakovany a kra¥mobecnych dopokieni byly zamdieny na RF u daného
pacienta.

1 Farmakologicka intervencelécba arterialni hypertenze a hyperlipoproteinemie — v
pocatku studie byly velmi omezené a v SirSingiitku byly uZity az v poslednich
letech studie. Farmakologickacha byla doporéena podle celkového rizika a
piipadnych dalSich onema#mi pacienta.

K analyze byly pouzitytyti soubory dat:

1. SouborENTRY (Vstupbbsahuje 244 atribluitze vstupniho vySggni kazdého muze;
tyto atributy jsou vysledkyiznych velEin, ¢asto kddované, nebo jsou vysledkem
transformaci fivodnich veltin (identifikace muZze, rodinna a osobni anamnéza,
socialni faktory — vzélani, €lesna aktivita, kokeni, stravovaci navyky, sgeba
alkoholu, poté antropometricka¢heni — vyska, vaha, koziasy, fyzikalni vySeéeni
véetnd zmeifeni krevniho tlaku, zjighi tepové frekvence, laboratorni hodnoty a
kodovany EKG zaznam).

2. SouborCONTROL (Kontroly)obsahuje 66 atriblitzaznamenanychtipkontrolnim
vySeteni. Tyto atributy odpovidaji identifikaci muze, zeamim o zn€nach ve
zpasobu Zivota, v osobni anamnéze, fyzikalni wedt vysledky biochemického
vySeteni a udaje o hypertenzi, hypercholesterolemia, eftgiglyceridemii a
prodlanych onemoatmich, zejména srdaich a nadorovych. Tento soubor obsahuje
10 572 zaznaihz dlouhodobého sledovani.

3. Dodaté&né informace o zdravotnim stavu 403 rinukteri ukortili studii predtasrg,
byly ziskany dotaznikem zaslanym nioZ poStou. Bylo ziskano 62 atriliug jsou
v SouborlETTER (Dopis)

4. V souboruDEATH (Umrti)je 5 atribuli 0 kazdém z 389 pacidntkteri béhem studie
zenieli. Tyto atributy jsou identifikace pacienta awata gicina amrti.

3. Popis pouzitych metod

VSechny pouzité algoritmy patmezi W&ici postupy s &itelem. To znamena, Ze jgeba mit
ucici mnozinu k vytvéeni modelu trénovacich fipadi a poté pouZzit tento model
k predpowdi kategorie neznamychiipadi. Bylo testovano &kolik algoritmi ve snaze
podchytitftadu zgisohi uceni s @itelem. V nasledujicéasti je velmi kratce vysilena kazda
z tchto metod.

3.1 Naivni Bayes

Naivni Bayes [11] p&ita pro kazdy par ,atribut a jeho hodnota” (hawzdilani,
vysokoskolské) pravgpodobnost fisluSnosti ke kazdé kategorii a to tak, Z&i gpocet
piipadi v dané kategorii, kde se par vyskytuje, celkovymitem g@ipadi v celém souboru,
kde se par vyskytuje. Kazdy par bude mititou pravé&podobnost pro kazdou uvaZzovanou
kategorii. Metoda je zaloZena n&gegdpokladu, ze kazdy par ,atribut-hodnota” je nezlgvna
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jakémkoliv jiném péru. Takze, kdyZ je klasifikovameznamy fipad, pravédpodobnost
piislusnosti ke kazdé kategorii je nasobkem pEpwdobnosti kazdého paru, ktery itvo
piipad, pro odpovidajici kategoriirdtipowdéna kategorie je ta s népéi pravépodobnosti.

3.2 Vicevrstevny perceptron

Klasifikaéni model neuronové sitvicevrstevného perceptronu [13] je itep siti sloZzenou z
vrstev vzajem# propojenych neuran Mezi neurony jedné vrstvy nejsou Zzadné vazby, ale
neuron z jedné vrstvy je propojen se vSemi neunamsyy sousedni. Architektura modelu
uzitého v naSem souboru je ukadzana na Grafu 1.

Atribut 1

Atribut 2 Win
W20

Atribut n

Vstupni vrstva Skryta vrstva Vystupni vrstva

Graf 1. Architektura uzité neuronovéésiticevrstevného perceptronu.

S kazdym spojenim je asociovangitdr vaha. Vstup (input) do kazdého neuronu je v§izen
souwet spd@teny z asociovanych vah vSechicpazejicich hodnot. Vystup z kazdého neuronu
je vysledek pouzité funkce. V tomtdipact je u vSech neurdnpouzita typicka sigmoidni
funkce. Graf 2 ukazuje vyjéeni a zobrazeni této funkce.

fiz)=
=) T+e™ Input

Graf 2. Vyjadeni a zobrazeni esovité funkce.
Kazda hodnota atributu ze vzorku z datového soufgrloZzena do odpovidajiciho neuronu

ve vstupni vrst¥ a hodnoty prochazeji neuronovou siti k vystuprdtwy kde vystupni
hodnota neuronu znamengegpovidanou kategorii.
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Trénovaci faze spgiva ve vlozeni kazdého oztemého pipadu z trénovaciho datového
souboru s danym souhrnenivodnich vazenych hodnot do modelu a porovnani wystu
hodnoty s pedpokladanou kategorii. Podle chybyiegpowdéné kategorii jsou i zpétném
Siteni algoritmu zrdnény vahy z vystupni vrstvy do vstupni vrstvy takyaglfedpovidana
hodnota byla fedpokladané hodnbpodobrjSi. Tento proces je provéad s ugitym poitem
iteraci. V naSemifpact je tento poet 500. Rozsah, o ktery seémi vahy i zpétném Sieni,
tzv. &ici pontr, je 0,3. Pokud algoritmus #mého Sfeni nedosahuje dobréhdilgizeni

k predpokladanému vystupu po jedné iteraci, potom sdeinobnovi a sifuje ke snizeni
uciciho pongru.

3.3 Support Vector Machines (SVM)

SVN (Support Vector Machines) [14] se pokouSi wdizdpiipady zaloZzené na jejich
kategoriich dan-rozmérného prostorun je paiet atribufi nebo charakteristik, nadrovina ma
vyjadieniw + b, takze

X W + b>+1 — kategorie = sprava

X W + b>-1— kategorie = nesprawh

pii ¢emzx je pipad reprezentovany jako vektorkkomponent. Zde je&v pomocny (Support)

vektor, kolmy k nadrovié a odpovida fipadim, které jsou mimo nebo nad limitem jejich
kategorie (viz Graf 3).
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rs . .
Margin = B
" \\ ” Active Class
1 n':i;:. e
'rguppuh \{wtur - m
~ i
? " N “".l::
@ e
Inactive Class ™ s
& ~ Hyper-plane
® L]
» Feature,

Graf 3. Schema podpmych vektoi:.

Pomocny vektor také svym modulem definuje &imezi nadrovinou a prvnim pozitivnim
a prvnim negativnimifpadem (plati to pro prahy +1, -1). Pro kazdou ¢atié se algoritmus
snazi najitv s maximalnim rozgtim, resp. se snaZzi najit nadrovinu, kterd mada&jwdstup
od piklada z trénovaci mnoziny. Pro klasifikaci nezpracovangkipadu se jednoduse
pouZije vySe uvedeného algoritmu. Tato jednodu@dizace metody je jednou z metod
pouzitych v naSich pokusech, existuji vSak dalsbiem sofistikova&jSi pristupy a techniky.
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v v s

3.4 K-nejblizSi soused (K-Nearest Neighbour)

KNN (K-Nearest Neighbour) je algoritmus zaloZzeny paneti [15], jehoz z&kladni
myslenkou je, Ze zhodnocenéigady nam analogii mohou poma@&sit sodasny pipad.
Posuzuje kazdyifpad jako vektor on komponentach, ifgemz n je paiet atribufi nebo
charakteristik. Metoda nepebuje &ici fazi. K predpowdi tridy feSeného ipadu porovna
algoritmusteSeného ifipadu se vSemitfpady trénovaci mnoziny nebo s pdima vypate
vzdalenost mezi nimi. Potom jetéinova tida proK nejpodobgjSich trénovacich fipad
predpovdi pro feSeny pipad. Vzdalenost pouzitd fipadech je eukleidovska vzdalenost
mezi vektory. Literatura uvadadu dalSich moznosti.

3.5 1D3 a C4.5 rozhodovaci stromy

Model vytva'eny timto algoritmem je strom [16], kde kazdy uadpovida jednomu atributu
a kazda hrana odpovida mozné hodnatlového atributu. Bici algoritmus vytvB strom z
trénovacich dat. Vyy atributu, ktery bude tud uzel, vznika v kazdém momenvypoctem
entropie dat po vylsu uzlu. Pro kazdy atribut se §ta entropie zbyvajicich dat bez atributu
podle fiznych hodnot uzlového atributu. Pro uzel je vybaéibut, ktery vykazuje minimalni
entropii. Proces se opakuje do té doby, dokud nezbhgdny atribut nebo je pet zbyvajicich
piipadi pod uzlem mensi nezdity limit. Piiklad mizeme vidt na Grafu 4.

flies?
yas no
/ \
body covering habitat
A" N
nalr feathers scales other land water
H B O o
/boay covering breathe\s%
//\ yes no

hair feathers  scales other \

hair feathers srales other

o o

Graf 4. Piklad rozhodovaciho stromu.

V piikladu jsou 4 atributyhmyz (flies), povrcheta (body covering), misto vyskytu (habitat),
dychaci pfiduchy (breathes air)Ja 4 mozné kategorie, b, far. Prvni atribut je zde hmyz,
protoze je jediny, ktery roztlje data na této Grovni s minimalni entropii, &do klasifikaci
feSeného ipadu stai prochazet strom strem dofi a posledni listovy atribut je
piedpovidana kategorie. Na cestu odgia:niho uzlu ke kongnému listovému atributu je
mozno nahliZet jako na pravidla, kde je pravidloveyeno AND funkci termith (node=arc).
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C4.5 je roz&eni ID3. Metoda umaiilje pracovat se spojityndiselné atributy, s chyicimi
hodnotami a prizavat stromipvelkém mnozstvi dat. V experimentech pouzity 3¢8m je
implementaci C4.5.

3.6 RIDOR uéeni pravidel

RIDOR je nazev pro deni Ripple-DOwn pravidel [17]. Vyt¥& nejprve vstupni pravidlo a
potom odchylky od vstupniho pravidla s nejmenszévéou) odchylkou a timto klasifikuje
trénovaci data. Vznikaji tak ,nejlepsi* odchylkyopkazdou kategorii a proces se opakuje az
do vyisteni souboru. Odchylky se jakoldi stromovié a posledni list ma pouze vstupni
pravidla, ale Zadné vyjimky. Odchylky ticsoubor pravidel, kteréredpovidaji jinéiidy nez
jsou tidy ve vstupnich pravidlech. Pro nalezeni naSiathglkék bylo uzito algoritmu IREP.
Tento algoritmus vyt pravidla postupnym ifjpavanim vzdy jen jednoho vyrazu do
podminek v kazdém kroku, takzeged omyii je minimalizovan. Vyraz pravidla podminky je
nag. (atribut {=,#,<,>} hodnota)

4. Hodnoceni

Hodnotici procesy a &eni jsou stejné pro vSechny pokusy.¢dsti dat byl vytvéen
trénovaci soubor, ostatni data byla testovany solNdodely se tii z trénovaciho souboru a
snazi se fedpovidat kategoriiffjppadi v testovaném souboru. ProtoZe je znama kategatie d
testovanych fipadi, Ize omezit pedpovdi. Pro kazdou kategorii byly paany ti razné
typické miry: gesnost, Uplnost a F<feni [18]. Resnost je procentoigdpowdi v jedné
kategorii, které jsou spravnéieBnost vyjatlije Rovnice 1.

podet spravnyeh pfedoovedi v kategori
cefkow pofel pfedoovédi v kategor 1)

FPFesnost fkatesarie;)

Uplnost je procento vSechtipadi v testovaném souboru v dané kategorii, které byly
predpowdény sprave. Vypocet je uveden v Rovnici 2.

: s 5 s | podet pfedeovédi v kafegor .
Upﬁnosr (karegonelj o ceowy podet phibadd v kategor (2)

F-méteni je kombinace vySe uvedenych v§tio Vyjadiuje jakoby péinik mezi gipady,
piesnost a Uplnost standardizuje jejich&em. Rovnice 3 ukazuje vyjéehi F-ngfeni.

2*Pesnost*Upinost
Fresnost + Uplnost 3)

Fmédfeni + =

Tyto & miry byly patitany pro kazdou kategorii testovaného souboru byékieceno dive,
sesbirana data jéeba rozdlit na soubor trénovaci a testovany. Spoée cesta pro jejich
vytvoieni je KiZzova kontrola (cross-validation). Sesbirana data jrozdlena nan stejré
velkych ¢asti. Kazdén-1 ¢ast kombinace je trénovaci, zbytek je testovargordamus jen-1
krat opakovan a koway vysledek je pimér z €chton-1 pochodi. Pro vSechny niZze popsané
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pokusy, mé&n hodnotu 3, takZe je vzdycky 66 % trénovacich &a3festovanych dat a kazdy
algoritmus seitkrat opakuje. Obvykle je hodnota vySSi nez 3, typicky to byva 10, ale
v tomto gipact jsme ngli v n¢kterych kategoriich velmi malofipadi a vysSi hodnota by
mohla vytvdit soubor, ktery by nebyl reprezentativni pro dakategorii, coz je nezadouci.

5. Pokusy

Byly provedeny dva druhy pokéisPrvni byl uteny pro zji&ni asociaci mezi atributy, kde
byla ukazatelem sily asociace charakteristika #kasie. Druhy typ pokus testoval
piedpowd’ budoucich ghod.

Je teba poznamenat, Ze pozorovani v souboru dat jitiyhi hodnotami nebyly vyloteny
z hodnoceni ani nebyly dogitavany, protoZze implementovanyici algoritmus dokaze
s chyl&jicimi daty pracovat. Tyto implementace jsou viozelo WEKA prostedi [19], které
dokaze proveést vySe uvedené pokusy i s neupinytyi da

5.1 Nalezené odpaidi

Prvni pokusy se vztahuji k analytickym otazkam, r&téoyly pipraveny pro Vyzvu
k odhalovani na konferenci ECML/OKDD 2004, konkeeta tém, které se tykaji souboru
Vstup (Entry). Ulohy nily nalézt vztahy veiech tznych skupindch pacieint normalni
skupina, rizikova skupiny a patologicka skupina. tolyskupiny odpovidaly riziku
aterosklerézy — viz vySe a jsou nazyvany urovnipgkuKonkrét jsme hledali vybrané
vztahy mezi socialnimi faktory agléesnou aktivitou, spoebou alkoholu, katgnim,
hmotnostnim indexem, krevnim tlakem a HDL choledten. DalSi Uloha #a zjistit vztah
mezi €lesnou aktivitou a ostatnimi faktory a mezi $pbbu alkoholu a ostatnimi faktory.
Data kazdé skupiny byla pouzita v algoritmu stréjoy &eni se snahourgdpovdét hodnotu
kazdého faktoru v jedné skugipodle hodnot tohoto faktoru v druhé skupsiohledem na
mozné hodnoty uvazované kategorie. N&pyii socialni faktory byly vlozeny do algoritmu
jako trénovaci faktory, aby bylo moznéegpovidat hodnotu kazdého atributlesné aktivity
apod. pro ostatni skupiny fakftor Pro kazdy vztah byly g@ftany maximalni hodnoty
z vysledkr raznych algoritnd, aby bylo mozno provést porovnani mezi Urgan skupin.
Pokud byla pedpowd piesna, lzefici, Ze jde o silny vztah mezi faktory trénovacimi
faktorem, jehoz hodnota bylarquipovidana, a to se stwom sily odpovidajicim i@snosti
piedpowdi. Lze také porovnat miruredpovdi mezi faktory a arovni skupiny ke stanoveni,
které vztahy jsou sifjSi nez jiné.

Vzhledem k omezené délcessehi jsou prezentovany jertkteré typickeé vysledky. Na Grafu
5 jsou uvedeny vysledkyir@dpowdi, a to miry maximalni fgsnosti, Uplnosti a F<feni pro
socialni atribut ,Kotweni (Smoking)“ proti ostatnim socialnim fakior v kazdé urovni
skupin, a to a) Normalni, b) Patologické a c) Rizi&, a proti dlesné aktivi¢ ve skupinach
d) Normalni, e) Patologické a f) Rizikové. Jedtjdze pro Normalni skupinu jsou nejlepsi
piedpowdi pro nekiiaky, a to jak v socialnich faktorech tak &kesné aktivi¢, zatimco pro
ostatni stup# ,Kouieni* byly vysledky nevyznamné. Zda se, Ze pro vatadzi socialnimi
protoZze jsou lepSi vysledky ve vSech stupnich atnitkodeni. V Patologické a Rizikové
skupirg je vztah mezi trénovacimi faktory a né&otvim silgjSi nez je vztah mezi kdenim

a €lesnou aktivitou — zvlastsilny byl tento vztah v Patologické skupiny/ této skupig byly
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osoby, které kati 15 nebo vice cigaret za den légedpowdény nez v Normalni skupén ale
nekuaci byli detekovani mnohemihnez v Normalni skupih
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Graf 5. Hodnoty maximalni/psnosti, maximalni Uplnosti a maximalniho E-emi ve vSech
algoritmech pro pedpowd’ atributu ,Koureni (Smoking)* z ostatnich socialnich faktor
v a) Normalni skupi#y b) Patologické skupif c) Rizikové skupina z faktof: telesné aktivity
v d) Normalni skupi#) e) Patologické skupénf) Rizikové skupin
Vyswtlivky:
Max. Precision — maximalnifpsnost, Max. Recall — maximalni Uplnost, Max. Fmesas
maximalni F-réreni
Non-Smoker — nekaci, 1-4 cig/day a dalSi — Kaci 1-4 cigaret/den a dalSi, Cigars or Pipes
— kurci doutnikk nebo dymky.
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Podivejme se na jiny charakteristickiikad. Graf 6 ukazuje vysledkyigdpowdi hladiny
cholesterolu ze socialnich fakior a), b), a c) a z faktdrtclesné aktivity, d), e) a f) pro
kazdou urové skupin. V tomto fipact jsou vysledky pedpowdi velmi podobné ve vztahu
mezi socialnimi faktory a cholesterolem a mezi dakttclesné aktivity a cholesterolem ve
v8ech Urovnich skupin, takzei#emetici, Ze siladchto vztali je také podobna. Nicmérse
liSi mezi arovimi skupin. V Normalni skupihje praimérna absolutni chybaiedpowdi
okolo 24, zatim co v Patologické a Rizikové skégm okolo 50, resp. 40. Lz&init zawr,
Ze je snad¥jSi predpowdét hladinu cholesterolu z obou skupin fakier socialnich i faktar
télesné aktivity pro osoby z Normalni skupiny neZz m®oby z ostatnich dvou skupin.
Ukazuje to na silny vztah mezi trénovacimi fakt@yhladinou cholesterolu v posledn
jmenované skupin
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Graf 6. Hodnoty pimeérné absolutni chyby, odmocninyetni kvadratické chyby, podilu
absolutnich chyb a odmocniny relativni kvadratickgby ze vSech algorithpredpodi
hladiny cholesterolu ze socialnich fakior a) Normalni skup#) b) Patologické skupin

a c) Rizikoveé skupé#a z faktoti telesné aktivity v d) Normalni skugine) Patologické

skupir¥ a f) Rizikové skupin
Vys\tlivky:

Mean Abs.Error — pimeér absolutni chyby, Root Mean Sqr. Error — odmocrstiadni

kvadratické chyby, Relative Abs. Error — podil dbsdch chyb, Root Rel. Sqr. Error —
odmocnina relativni kvadratické chyby.
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A koneng, Graf 7 ukazuje vysledky proigdpovd hodnot pijmu alkoholu, zvlas ze
socialnich faktar a z faktoti télesné aktivity jako trénovacich, pro kazdou Utgveodobr
jako bylo uvedeno vyse.
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Graf 7. Hodnoty maximalni/psnosti, maximalni Uplnosti a Fereni ze vSech algoritérpro
predpovd’ atributu ,,Alkohol* pouze ze socialnich faktbr a) Normalni skupi#
b) Patologické skupi c) Rizikové skupiha pouze z faktartelesné aktivity v d) Normalni
skupirg, e) Patologické skupénf) Rizikové skupih

Vyswtlivky:

Max. Precision — maximalni‘psnost, Max Recall — maximalni Uplnost, Max Fmeasur
maximalni F-réreni.
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Vysledky v Grafu 7 ukazuji, Ze je ve vSech Urovnggupin jasny vztah mezi trénovacimi
faktory a osobami, které piji alkohotifezitostré. Osoby, které piji alkohol pravideinjsou
mnohem kife detekovatelni attile se z trénovacich faktopiredpovidaji, takze tento vztah je
alkohol nepiji a jejichdlesné aktivie. Nicméré vyznamr vysSsi je pesnost pedpowdi ze
socialnich faktar v Normalni a v Rizikové skup# Osoby, které nepiji alkohol, jsougsre
identifikovany ze socialnich faktbrv Rizikové skupit, coZ ukazuje na vyznamny vztah
mezi danymi atributy.

Trénovaci skupinu faktértvorily vSechny atributy dohromady. Z lélského pohledu je také
zajimavé tyto faktory odiit a vytvorit z nich podsoubor. TakZe se mapredpovidaladlesna
aktivita v zandstnani ze vSech moznych kombinaci socialnich faktgysledky ukazaly, ze
pro Normalni skupinu a Rizikovou skupinu dava mmoh&epsi pedpovdni vysledek
samotny faktor ,Vzdlani (Education)”, nez jakakoliv jina kombinace gdaich faktof.
V Patologické skupit je to podobné, ale rozdil neni tak velky jako vatsich skupinach,
nejlepSi kombinace je v této skupipV ¢k + Vzaklani (Age + Education)*.

5.2 Fredpowd’ budoucich grihod

Hlavni cil nasledujicich pokisbylo testovat fesnost pedpowvdnich algoritnd. Bylo uzito
souboru Vstup (Entry), ale i Kontroly (Control). jNeve byli vybrani pacienti, kié¢ meli
kontrolni zaznam v souboru Control po deseti letedtvstupu do studie. Poté byl proveden
pokus pedpowdét z atribufi Vstup (Entry), zda u nich vzniknejaké gihoda. Jako iphody
byly vybrany systolicko-diastolicka hypertenze,tsliska hypertenze, diastolicka hypertenze,
hypercholesterolemie a hypertriglyceridemie. Mohoénoty &chto atribut byly ,spravre”
nebo ,nesprawt. Stejre tak byly zhodnoceny zaznamy po dvaceti letech.ladks/ ukazaly,
Ze nejlepSim algoritmem byl vicevrstevny perceptiktery dosahl tégt 85% pFesnosti a
65% Uplnosti v detekci vSech poruch. Zatimco rizikmiku hypertenze bylo v Rizikové
skupire 0, protoZze #ktefi pacienti této skupiny & hypertenzi do z&tku studie, je
z lekaskeho hlediska mnohem zajingg@i provést tyto pokusy jen pro Normalni skupinu.
TakZe pro tuto skupinu byl proveden stejny procesdeset a pro dvacet let. Vysledky pro
raizné uvazovaneé poruchy ukazuje Graf 8, a to a) pzaellesetiletéi@dpowdi a f) az j) pro
dvacetileté pedpowdi. Pro kazdou ifihodu je uvedena maximalni hodnota ze vSech
pouzitych algoritnd. V tomto gipact vysledky ukazaly, Ze neni jeden nejlepsi algorgmu
Podle gedpovidané iphody a pro skteré kategorie je gktery algoritmus lepSi nez ostatni
(ukazované maximalni hodnoty odpovidajzmym algoritnim), takZe je zajimavé pouZzit
vSechny algoritmy a rozhodnout podle vyskediSech algoritmi. Nutno upozornit na to, Ze
piesnost pedpowdi je mnohem vySSi pokud jsou pro vstup dana daectv ti skupin
dohromady s tim, Ze prvotni zdjem je na Normalapsi.
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Graf 8. Hodnoty maximalnifsnosti, Uplnosti a F-&ieni pro gredpovd’ a) systolicko-
diastolické hypertenze, b) systolické hypertenzdiastolické hypertenze,
d) hypercholesterolemie a e) hypertriglyceridemaeseti letech, a f) systolicko-diastolické
hypertenze, g) systolické hypertenze, h) diastliglpertenze, i) hypercholesterolemie a
J) hypertriglyceridemie ve dvaceti letech.

Vyswtlivky:
Max. Precision — maximalni‘psnost, Max Recall — maximalni Uplnost, Max Fmeasur
maximalni F-réreni.

Hodnoty v Grafu 8 ukazuji, Zefrgddpowd' prihody je gesrEji odvozena po 20 letech, ale
velmi Spatg predpowdéna po 10 letech s vyjimkou diastolické hypertendepritomnost
piihody je steja dolre predpowdéna pro deset jako pro dvacet let. Ze vSethqu vychazi
nejlepsi pedpovd’ pro diastolickou hypertenzi, kde je hodnotagmosti pedpowdi témss
100 % pro jeji ptomnost i pro jeji neftomnost. NejhorSi bylaipdpovd pro systolickou
hypertenzi — fitomnost v deseti letech nebyla detekovatelna.

Pro pedpo¥d nekterych dalSich fhod, nap. anginy pectoris, srdaiho infarktu,
mozkovych pihod a dalSich nebylo mozné pro malg@opozorovaniéchto gihod, takze
vysledky nejsou relevantni.

5.3 Fredpovd’ priciny umrti

Tento pokus je podobny jakaquchazejici, byla zde alggulpovidana ficina amrti misto
onemocini nebo poruch. Bylo uzito souboru Umrti (Death)gakitmy byly pro zentelé
osoby trénovany na jejich datech ze Vstupu (EntPpkusy byly provedeny samostatoro
tiéi Urovreé skupin a poté pro vSechna vstupni data vSéchirovni skupin dohromady.
Vysledky ukazuje Graf 10. V Normalni skupir Graf 10b) byla nejlépergdpowdénou
pri¢cinou nddorova onemoéni a ostatni ficiny umrti. V Rizikové skupité— Graf 10 d), byla
nejlepsi pedpowd pro ostatni ficiny, ale téz pro srd@i infarkt a ischemickou chorobu
srdeni, které nebyly bec fedpowdény v Normalni skupié. V Patologické skupih— Graf
10 c), byly nejlépe f@dpovdény srde€ni infarkt a nadorova onemoam, ale gedpowd
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mozkové mrtvice a celkové aterosklerézy byla nedekéd, dostali jsme mnohem horSi
vysledky pro tyto fihody nez v ostatnich skupinach. Soulkran Graf 10a), pedpovd’
pri¢iny amrti byla velmi nedokonala a to proto, Ze datasouboru Vstup (Entry) neéfa
dostatek informaci protpdpovd priciny umrti a/nebo by mozna byléeba vice pozorovani.
Ale, kolik je to dostatek informaci?
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Graf 9 Hodnoty maximalni/esnosti, vypaidni hodnoty a F-@eni pro gedpovd’ priciny
amrti, a) vSechny skupiny dohromady, b) Normalapsia, c) Patologicka skupina a
d) Rizikova skupina.

Vyswtlivky:

Myocardial infarction — srdéni infarkt, coronary heart disease — ischemickaroba
srde’ni, stroke — mozkova mrtvice, other causes — jiinény, sudden death — ndhla smrt,
cause of the death unknown — neznariéra amrti, tumorous disease — nadorove
onemoc#ni, general atherosclerosis — celkova ateroskler&statni - viz vystlivky u
Grafu 8.

6. Zawery

Razné typy algoritmi strojového teni byly pouzity k vyhledavani znalosti z 1é&aych dat,
a to dvojim zjgsobem: za prvé, metody byly pouZity kegpowdi hodnoty jednoho atributu
z databaze pacienta, zatimco ostatni atributy vyywdrénovaci soubor. Zaénem bylo
stanovit maximalni fgsnost mezi vSemi algoritmy jako miru sily vztahezirtrénovactasti
a cilovym atributem. Toto &teni se ukazalo uziteé i pro porovnani vztahmezi atributy
v riznych skupinach pacieit

Za druhé, uici techniky byly pouzity k fedpowdi budoucich fihod. Vysledky ukéazaly, Ze
nckteré metody fedpovidaji skteré gihody |épe neZ ostatni, takZze je zajimavé pouzit
vSechny algoritmy najednou a zhodnotit spolehlivogtiedki podle znamého trendu kazdé
metody. VSechny testované metody poskytly lep8dpod’ pro dvacet let nez pro deset let
sledovani a prodgkteré gihody dosahly vybornych vysletlktakZze by to mohly byt metody
vhodné pro podporu rozhodovani. Algoritmy strojowébceni byly pouzity také pro
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piedpowd’ pricin Uumrti, v tomto pipact bylo dosazeno Spatnych vyslédknozna pro malé
mnozstvi informaci (vstup v tomto souboru dat.

Do budoucna by mohlo byt zajimavé zjemnit nastayamametit algoritmi a testovat vice
technik. V Umyslu je také spojit vSechny vyznamn@auZitelné metody z této prace a
vytvorit expertni systém a vyzkurdmdvodit z vysledik systému srozumitelna pravidla.

Podékovani

Vyzkum byl casténe podpden Vyzkumnym planem Ustavu informatiky AWCR
AV0Z10300504 a Vyzkumnym planem Sgéké Rady pro ¥decky vyzkum spolu
s podporou Ustavu pmyslové automatizace,Maria Bueno® .
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Deformable image registration is a fundamental teahique in computational

neuroanatomy. An iterative multilevel block matching technique with the use of several
recent inventions is proposed here. A symmetric mtimodal similarity measure allows

to register subject images to an arbitrary digital brain atlas. Smooth deformations
produced by scattered data interpolation based onamnpactly supported radial basis
functions suppress gross inter-subject differenceand preserve the localized anatomical
variability which may be further studied with seleded automated morphometry

methods. Four similarity measures are tested in aaxperiment with image data obtained
from the Simulated Brain Database and a quantitatie evaluation of the algorithm is
presented.

Keywords: image processing, image registration, MRI images, computational
neuroanatomy, radial basis functions

Introduction

One of widely applied methods in computational pamatomy is a voxel-based
morphometry (VBM), which has recently become a sabjof discussion [1], [2]. It
interrogates anatomical MRI scans on voxel by vdadis, in order to demarcate regions
with significant anatomical differences between raug of patients and a control group.
Several image preprocessing steps are includedhdnntethod's pipeline and deformable
image registration is the one playing a cruciakrdts central idea is to find local forces
which will deform a floating image to make it mosemilar to a reference image. The
involved non-linear transforms are either basedmooth basis functions [3], [4], [5] or they
are physically interpreted, e.g. by mechanics oftiooum [6], [7], [8]. The former group of
methods produces smooth low-dimensional deformatiwhich are able to suppress only
gross anatomical inter-subject differences, whetleagoal of the latter methods is to achieve
a perfect match. In [9], [10], images in VBM aret nito a stereotaxic space by an affine
transform and then they are warped to the referemege by low-dimensional parametric
deformations based on lowest-frequency componerftsdiscrete cosine transform.
The coefficients are searched in an optimizatiogo@thm which minimizes the residual
squared difference between the images and simoliEshe maximizes the smoothness of the
deformations. Only one scaling parameter is incagal to count for differences in
intensities of the images, what makes it suitabiarionomodal images only.
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In this paper, we propose a deformable registragigorithm proper for multimodal images.
Below, we first explain the methods used in ouodthm and then we present experimental
results obtained from its evaluation.

Methods

Our deformable registration is performed by a nteigl block-matching technique, see fig 1.
A floating imageN is deformed to match a reference imddein an iterative process.
A resulting displacement is made up from local translations of the blockshe floating
imageN by radial basis function (RBF) interpolation. Tinanslations representing warping
forcesf are found by maximizing symmetric regional simtlameasures. The floating image
N is assumed to be brought into the same coordispdee as the reference imageby

a previous linear registration step.

Regional similarity
optimization

u(x)

1
>

f(x) -94—
\ 4

RBF
interpolation

Fig. 1. Deformable registration scheme (see theftaxdetails).

Regional symmetric similarity measures

Various multimodal similarity measures are examihede. Regional similarity is computed
by simply averaging point similarities over theiceg[11]:

Sywl] iZS&D 1)

KW XW

where Sy denotes a similarity measure of a regidhwith the center pointv and Ky
overlapping voxelx in which point similaritiesS are computed. The point similarity measure
Su derived from the well known global similarity meas mutual information is defined by
[11]:
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pwlmlxI,HIxII

Siglx)=log, z
pMImII”'pNI'}ngII

(2)

where pun denotes joint distribution of intensities amg,, pyv are marginal intensity
distributions of the images! and N respectively. Another point similarity measusg, is
proposed in [6]:

S xl=Sgixi+ S xi=leg, prasmix i aixii+5, 0 x)

3)

whereS; is a point similarity measure derived from thebglbjoint entropy of the images.
All the defined point similarity measures dependtloa joint intensity distribution, which is
estimated from the joint histogram, which is notowm until the images are perfectly
matched. Thus, it is usually estimated from thegesaaligned by the previous registration
step. In this way, the deformable registration osel also in [12], where a region similarity
measure based on conditional probabilities is pegdolt is rewritten here as another point
similarity measure:

SPCI:E ‘e pIHIII|mIIIL

(4)

which is defined by the probability of a correspence between a given intensity of
the reference imagd and any intensity of the floating imag&l. The conditional probability
densities are extracted by normalizing the valde=aoh row of the joint histogram parallel to
the axis with the intensities of the floating imageAnother similarity measure depending on
probability rather than uncertainty is derived hieoen (2):

pwlmlxl,'}glxll

pM|mlx II_pNIHII II.

S par| X =

()

At each level of subdivision, translations of eewjular blocks of the floating imag¢ are
searched in an optimization algorithm, which maxiesi a selected region similarity measure.
Inspired by symmetric registration proposed in [18]e symmetric regional similarity
measure is obtained here as a sum of two partralasity measures. These are computed in
the blocks of the floating image according to tleéerence image blocks as well as in
the reverse direction.

To avoid getting trapped in local minima, a comhbora of extensive search and hillclimbing
algorithms is used here. First, a space of allipessranslations is searched with a relatively
large step.P best points are then used as start points forfollewing hillclimbing.
The minimum ofP local minima obtained by the hillclimbing is thdeclared as the global
minimum.
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Multilevel deformation

Once the local translations are found, the displecegu is computed separately for each of
D dimensions by interpolation with the use of RBF by

&
uk'x":E'-::Q-R'”x—wi””, k=1, 0
= (6)

whereu(x) is the displacement of a grid pointin the K" dimension R is the radial basis
function of the distancex}wi|| between the grid point and the center of th&' block w;.
The coefficientsy; are computed by putting the translatiémsto (6) and solving the resulting
linear system ofB equations separately for each dimenskoriThe compactly supported
Wendland's RBF, which was successfully used fadr@ark-based deformable registration in
[4] is used here. Its mathematical properties Hold different spatial support, which is
important for the multilevel strategy. For eachdewf subdivison, the block size is set to
the half of the size at the previous level. Theldisements are gradually incremented over all
levels, refining the resulting deformation in thearcse-to-fine manner. The regions containing
poor contour or surface information can be elimedafrom the matching process and
the algorithm can be accelerated in this way. TUElwision is performed only if at least one
voxel in the current region has its normalized gradimage intensity bigger then a certain
threshold, see fig. 2.

i
| e

1HLIF" PRSI

TEHW S §
\'WF

Fig. 2. lllustration of five-level adaptive subdiion.

Tissue probability maps

The computation of the global joint histogram ig tiee only way how to estimate the joint
intensity distribution of the imaged andN. When the registration is done in a stereotaxic
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space, tissue probability maps are often availaiglgresenting a kind of prior information,
which can be used. Here, another estimate of theijgensity distribution is made with their
use. It is further combined with the usual estinwitined from the global joint histogram by
a weighting parameter

pmlm’nI=A.p$rlm’nl+ll—ﬂl.p$d_

(7)

The intensities representing main tissues in tagbmages are emphasized in this way.

The joint intensity estimates are re-computed ie tach iteration of the registration
algorithm. As the intensities of the floating images not spread on a regular grid, simple
unitary increments of individual histogram bins eanhbe done. Instead of that, all histogram
bins corresponding to the reference image voxeteemeighborhood of a displaced floating
image voxel are increased by a value equal to #hgevof an interpolation kernel function.
Cubic B-splines are used for that purpose in theegdized partial volume interpolation
(GPVE) described in [14]. This approach is usea liercompute the global joint histogram.
In the computation of the joint distribution estimdased on the tissue probability maps, the
interpolation has to be done among the voxels efflibating image. Thus, some ideas from
the distance-weighted scattered data interpolatiethods were adapted here and the locally
bounded kernel function described in [15] is usethe partial volume interpolation scheme.

Experiment and results

The performance of the proposed algorithm with augsi similarity measures was evaluated
with the use of 2D image data obtained from SinmdaBrain Database (SBD) [16]. The
original size of the SBD transversal slices is 18Ik pixels with the pixel size 1x1 mm. For
the evaluation purposes, the images were padd#tketsize of 217x217 pixels. The square
image size is convenient for the subdivision sche®yathetic deformations were composed
from random translations at 10% randomly selecigdlp in transversal slices. These force
fields were smoothed by gaussian filtering withd@am standard deviatiom£10£5 mm) to
obtain final displacements which were then apptird?0 intensity images and corresponding
segmented images. The average initial overlap evasr41.0%. The deformations were then
recovered by the proposed deformable registratigorithm and the average decrease of the
overlap errorde was computed. T1 weighted, T2-weighted and PDt@pralensity) images
with 3% noise and 20% intensity nonuniformity werged as floating images and the T1-
weighted image with no noise and no intensity ndioamity was used as the reference
image. The results for various levels of decompmsiare summarized in tab 1. The overlap
error got smaller up to thé"3evel, when the subimages had size of 7x7 pixEthough the
next level gave an increase in the global mutuBdrination, the alignment measured by
overlap errors and also by visual inspection wasstamt or worse. This level was considered
as the maximum subdivision level for this algorithm
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Tab. 1. Quantitative validation of the proposedaithm. The averages of the overlap error
decreasele were computed for various similarity measuresious image pairs and various
levels of decomposition.

Images Ae [%]

Sec Sun Swi Sewmi
1*'level
T1-T1 52 1.6 1.7 15
T1-T2 53 1.3 1.4 2.8
T1-PD 4.4 15 1.3 2.2
2" level
T1-T1 12.6 8.3 8.4 8.5
T1-T2 12.3 4.7 4.8 7.4
T1-PD 10.1 5.6 6.0 5.8
3% level
T1-T1 22.6 17.9 17.9 19.5
T1-T2 21.2 9.8 9.8 16.4
T1-PD 17.1 11.4 12.3 12.2
4" level
T1-T1 27.2 24.8 24.9 26.6
T1-T2 25.3 16.0 16.2 23.3
T1-PD 20.2 15.6 16.4 17.4
5" level
T1-T1 27.7 26.8 27.1 28.5
T1-T2 25.1 19.4 19.9 24.9
T1-PD 20.0 16.9 17.9 19.2
Conclusion

An algorithm for low-dimensional atlas-based ragisbn of MRI images was presented.
Four various symmetric region similarity measuregevstudied in an experiment in which
synthetic deformations were recovered and the paegnce of the algorithm was quantified
by the decrease of overlap error in segmented imajee similarities were measured with
the use of joint histogram and tissue probabilitgps from MRI brain atlases. The overlap
error was lower with the similarity measur@s and S py depending on probabilities than
when the similarity measureS \; and Sy depending on uncertainty were used. In our
implementation, partial volume interpolation scheweas used, so that it was unnecessary to
compute the deformed floating image during thestegiion process. The proposed algorithm
is suitable for the voxel based morphometry, as grexision of the registration can be
controlled by the maximum level of decompositiohu$, only gross inter-subject anatomical
differences can be suppressed and the importaiatbuéy for statistical parametric tests can
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be preserved. In addition, the use of multimodatilsirity measure allows to use an arbitrary
available brain atlas without any need to transfantensities in the images to obtain
monomodal data.
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Pruzna registrace obrafi je klicovou technikou ve vypdetni neuroanatomii. V tomto
¢lanku je navrZzena registrace metodou iterativniho icovani podobrazi s nékolika
vylepSenimi z oblasti mnohorozrérné multimodalni registrace a registrace zaloZenéan
vyznaénych bodech. Je zde pouzita symetricka multimodalnpodobnostni metrika, diky
které je mozno registrovat obrazy fiznych subjekti na libovolny digitalni atlas mozku.
Vysledné deformace jsou ziskany pomoci interpatai techniky zaloZzené na radialnich
bazovych funkcich. Deformace potléuji v obrazech pouze hrubé tvarové rozdily mezi
raznymi subjekty a ponechavaji v nich jemnou anatomiou variabilitu, kterd byva
piredmétem nasledného zkoumani vybranymi morfometrickymi netodami. Sowésti
pirispévku jsou kvantitativni vysledky z experimentalniho ovéreni navrzené metody se
¢tyimi raznymi podobnostnimi metrikami na obrazovych datectze simulatoru obraai
mozku.

Kli ¢ova slova: zpracovani obra#, registrace obrazi, MRI, vypoéetni neuroanatomie,
radialni bazové funkce

Uvod

Jednou z intenzivhuzivanych metod v oblasti vypetni neuroanatomie je morfometrie
zaloZzena na voxelech (voxel-based morphometry VBRBra je stale objektem aktivniho
vyzkumu a diskuzi [1], [2]. Princip této metody sp@ ve zkoumani anatomickych sken
z MRI voxel po voxelu s cilem automaticky vyzZitav mozku oblasti se signifikantnimi
rozdily mezi skupinou pacieinta kontrolni skupinou dobrovolnik VBM je zietzenim
n¢kolika algoritmi pro zpracovani obréz piicemZ samotna pruzna registrace zde hraje
klicovou roli. Hlavni mySlenkou pruzné registrace jééntlokalni sily, které zdeformuji
plovouci obraz tak, aby se vice podobal obrazueafaimu. Pouzité nelinearni transformace
byvaji zaloZeny bdi na hladkych bazovych funkcich [3], [4], [5] nebgctdzi z fyzikalnich
interpretaci, nap z mechaniky des [6], [7], [8]. Zatimco v prvnim fijpact se ziskavaji
hladké malorozrérné deformace, kterymi je mozno pdattapouze globalni rozdily ve tvaru
mozku mezi jednotlivymi subjekty, cilem druhé skupmetod je dosadhnout v registrovanych
obrazech perfektniho slicovani. \ayedni VBM [9], [10] jsou obrazy afinni transformaci
pievedeny do stereotaktického prostoru a naslgslou zdeformovany na refer@r obraz
pomoci mélorozrérné parametrické transformace zaloZzené na bazdwytdttich uzivanych

v diskrétni kosinové transformaci. Koeficienty tséormace jsou hledany optimalédm
algoritmem, ktery minimalizuje sumtiverai rozdili mezi intenzitami v obrazech a zaréve
maximalizuje hladkost dosazenych deformaci. Rozdiiptenzitach obrak jsou postizeny
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pouze jednim Skalovacim parametrem, a tak je tatmda vhodna pouze pro monomodalni
obrazy.

V tomto ¢lanku je navrZzen algoritmus pruzné registrace viooio multimodalni obrazy.
Jsou zde jednak vystleny pouzité metody a dale jsou prezentovany exymartalni vysledky
ziskané z pokuspri kvantitativnim hodnoceni tohoto algoritmu.

Metody

Zde navrzena pruzna registrace se provadi pomoeiirdviového licovani podobréz viz
obr. 1. Plovouci obrak je v iter&nim procesu deformovan tak, aby licoval s refémén
obrazemM. Vysledné vychylenu je pro kazdy voxel interpolovano z lokélnich tiac$

v obrazuN s vyuzitim radialnich bazovych funkci (RBF). Trimee podobrak reprezentujici
deforma&ni sily f jsou nalezeny v lokalnich registracich, ve kteryehmaximalizovana
symetricka regionova podobnostni metrikatedpoklada se, Ze plovouci obray byl

v predeSlém kroku transformovan do Eminého systému obrazu M pomoci linearni
registrace.

Regional similarity
optimization <

f(x)

\ 4

RBF
interpolation

Obr. 1. Schéma pruzné registrace (detaily jsou popy textu).

Regionové symetrické podobnostni metriky

V navrzeném algoritmu mohou byt pouziizné podobnostni metriky. Regionova podobnost
se vypaita zpaimérovanim bodovych podobnosti v podobrazu (dale regi¢ll]:
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(1)

SW'V-' = LE Sxl,
W x=H

kde Sy ozn&uje podobnostni metriku regioW se stedem v bodw a sKyy prekryvajicimi

se voxelyx, ve kterych jsou vyhodnocovany bodové podobn8stBodova podobnostni

metrikaSy odvozena z dake znamé globalni podobnostni metriky zvané vzajeimioémace

je definovana jako [11]:

pwlmlxl,l}glxll

pMImlx”'pNI?glxll,

(2)

Siulx)=log,

kde pun O0zn&uje sdruZenou hustotu praymbdobnosti intenzit gy, py jsou marginalni
hustoty pravépodobnosti intenzit v obrazedh aN. Jina bodova podobnostni metri&a, je
navrzenav [6]:

SUHIxIZSHIII+SMII|: logzpwlmlxl,nlxll+gmlxl, (3)

kde S§; je bodova podobnostni metrika odvozena z globatiuzené entropie obiaz
VSechny zde definované metriky zaviseji na sdruzarsto¥ pravdpodobnosti, kterd byva
odhadovéana ze vzajemnéeho histogramu ahrizry ovSem neni znam, dokud nejsou obrazy
piesré slicované. Sdruzena hustota prgpatobnosti proto byva odhadovana z obraz
slicovanych pomocitedchozi linearni registrace. Takto je tomu i v [kd&e je navrZena pro
nelinearni registraci regionovd metrika zaloZzengpodmirgnych pravdpodobnostech. Jeji
definice je zde fepsana do podoby bodové podobnostni metriky:

SPclxlzpl?glxl|mlxll, (4)

ktera je tedy dana pra$plodobnosti zavislosti mezi danou intenzitow referegnim obrazu
M a intenzitoun plovouciho obraziN. Hustoty podmiénych pravdpodobnosti jsou ziskany
normalizaci hodnot v kazdétiddku vzajemného histogramu rovidbém s osou intenzit
plovouciho obraziN. Posledni zkoumané podobnostni metrika je zdezmhaz (2):

r fplx o mix
S ppgrl x 1= ——HE : (5)

pmlmlx Illpjllrl'}zlx 1

V kazdé uarovni dleni obraza jsou hledana posunuti podohkazplovoucim obraziN pomoci
optimaliza&niho algoritmu, ktery maximalizuje vybranou regigoa podobnostni metriku.
S vyuzitim mySlenky symetrické registrace [13] jdeznavrZena symetrickd regionova
podobnostni metrika, ktera se ¢fd jako sodet dvou metrik: pro Pfmou registraci
podobrazu \WN vzhledem k referamimu obrazuM a pro snir opany.
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Optimaliz&ni algoritmus je zde navrZzen s cilem vyhnout sélltkn optimim. Jedné se o
kombinaci algoritmu rozsahlého vyhledavani (z angktensive search) a algoritmu
nejstrn&jSiho sestupu. V prvnim kroku je prostor vSech nyohntranslaci prohledan
s relativie velkym krokem. P nejlepSich boidl je pak uteno jako poéateni body pro
algoritmus nejstrrgSiho sestupu. Za globalni maximum se vezme maximulokalnich
maxim nalezenych nestigim sestupem.

Viceulroviiova deformace

Po nalezeni lokalnich translaci vSech podaobrg spd@itano vychyleniu interpolaci
s vyuzitim RBF. Vychyleni je gdtdno zvlas pro kazdou z D sdadnicovych os:

B
uk'x":E'Eﬁﬂ'”x—wi””, k=10 (6)

i=l
kde uk(x) je vychyleni bodux obrazoveé rrizky podél osyk, R je radialni bazova funkce
vzdéalenosti||x-wi|| mezi bodem obrazovéiiiky a stedem podobrazw ;. Koeficientya; se
spaitaji dosazenim lokalnich transldctlo (6) a vyeSenim vzniklého systéntilinearnich
rovnic — ogt pro kazdou sdadnicovou osu zvéS Jako funkceR je zde pouZito
Wendlandovy funkce s kompaktnim niesn, ktera byla usgné pouzita v [4] pro pruZznou
registraci zalozenou na vyzmg/ch bodech. Jeji vyhodné matematické vlastnostaimi
jeji prostorovou dilataci a kompresi, coz j@eFité pro zavedeni viceumaveé strategie. Pro
kaZzdou Urové déleni podobrai je nastavena velikost podobrazu na polovinu vstiko
z predchazejici arowh Vychyleni jsou &tana pes vSechny udrowh ¢imz dochazi
k postupnému zpsiovani deformace. Algoritmus lze urychlit vynechniniicovani &ch
oblasti, které neobsahuji Zzadné kontury nebo pgviDalSi @¢leni podobrazu je provédo
jen v pipact, kdyz alesptd v jednom jeho voxelu je normalizovany gradient azmvé
intensity \&tSi nez peddefinovany prah, viz obr. 2.

Muw R 17 Pl
Lol TR W | B
\ll.‘!\‘
T

LiF"

Obr. 2: Psti-Uroviiové adaptivni deni podobrai.
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Tkanové pravdépodobnostni mapy

Vypocet vzdjemného histogramu obéiazeni jedinym zpsobem, jak Ize odhadnout
sdruzenou hustotu pragobdobnosti obraz M a N. Provadi-li se registrace ve
stereotaktickém prostorugasto jsou k dispozici tké@vé pravdpodobnostni mapy
reprezentujici uzitaou apriorni informaci. S vyuZitim této informace 7de poitan jest
jeden odhad sdruZzené hustoty prgatiobnosti a tento je dale kombinovan s obvyklym
odhadem zaloZenym na vzajemném histogramu alwd@zovacim parametremn

pmlm,n':ﬂ-pgr'm,m'%l—ﬁl-pfﬁfﬂ‘;. (7)

Takto jsou ve vysledném odhagun zvyrazrény ty intenzitni pary, které reprezentuji hlavni
mozkové tkaa.

Béhem registrace jsou odhady sdruzené hustoty ppaxtbbnosti pepaitavany v kazdé
iteraci. Nelze ptom pouzit klasické inkrementovani v histogramdvy&ontejnerech,
porévadZ plovouci obraz nema vzhledem k dosud vgroym vychylenim pravidelnou
miizku. Je proto pouZzito zobeare interpolacecast&énych objeni (GPVE) [14], kdy
histogramové kontejnery souvisejici se vSemi voxsdferegniho obrazu sousedicimi
s vychylenym voxelem plovouciho obrazu jsou navySenhodnotu interpotai jadrove
funkce, kterou je v tomtoifpact kubicky B-spline. Tohoto postupu je zde vyuZitm pr
vypocet vzajemného histogramu obéaz Fi  vypoctu zaloZzeném na tkavych
pravdpodobnostnich mapach se interpolace provadi me&ly@lovouciho obrazu, a tak
byl tento postup adaptovan do interpolace neprédwdezlozenych dat zaloZzené na vahovani
vzdalenostmi [15].

Experimentalni vysledky

Kvalita registrace navrzenym algoritmem s vyuzititznych podobnostnich metrik byla
vyhodnocena s vyuzitim 2D obrazovych dat ziskangcHatabaze simulovanych obiiaz
(Simulated Brain Database SBD) [16]. Velikost trargalnichiezi v SBD obrazech je
181 x 217 pixal s velikosti pixelu 1x1 mm. Obrazy byly roigiy na velikost 217x217
pixeli, porévadz ctvercovy rozmdr je vyhodrjSi pro viceuroiiové dleni. Byly
vygenerovany umié deformace, a to z ndhodnych translaci umysth do 10 % nahodn
vybranych pixel. Tato silova pole byla vyhlazena pomoci gaussasiskijitri s nahoda
volenou smirodatnou odchylkous£10+5 mm). Vyslednd vychyleni byla aplikovdna na
20 intenzitnich obraz a k nim korespondujici segmentované obrazymPma paatesni
chyba pekryvu segmentovanyctasti v givodnich nezkreslenych obrazech a obrazech po
deformaci byla 41,0%. Deformace pak byly p&tiay pomoci zde navrzené pruzné registrace
a byl vypaten pameérny pokles chyby fekryvu de. Pro plovouci obrazy byly pozity obrazy
vahované T1, T2 a PD (hustotou pratpnTyto obrazy byly zaruSeny Sumem a artefaktem
ozna&ovanym jako nelinearitaipnosu obrazové informace (intensity nonuniformitigko
referegni obraz poslouzil T1 vahovany obraz bez simulocangrtefaki. Vysledky pro
raizné maximala Urovre dekompozice jsou v tab. 1. Chybgkryvu se zmenSovala az do
5. arovre déleni, kdy byla velikost podobraz7x7 pixeli. Fri dalSim aleni podobrai sice
vzrostla je&t globalni vzajemna informace, ovSem slicovani abraednocené chybou
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piekryvu a vizudlni kontrolou bylo stejné nebo hoF&ioto je zde 5. UrowiepovaZzovana za
maximalni Uroveé déleni podobrai pro tento registkai algoritmus.

Tab. 1. Kvantitativni hodnoceni navrzeného algarigmomoci poklesprimerné chyby
prekryvude. Jsou zde prezentovany vysledky ziskarmgopZziti riznych podobnostnich
metrik, pro tizné pary intenzitnich obraza pro rizné Urova deleni podobrai.

Obrazy Ae [%]

Sec Sun Swi Sewmi
1. drovei
T1-T1 5,2 1,6 1,7 15
T1-T2 5,3 1,3 1,4 2,8
T1-PD 4.4 15 1,3 2,2
2. Urove
T1-T1 12,6 8,3 8,4 8,5
T1-T2 12,3 4,7 4,8 7,4
T1-PD 10,1 5,6 6,0 5,8
3. Urovei
T1-T1 22,6 17,9 17,9 19,5
T1-T2 21,2 9,8 9,8 16,4
T1-PD 17,1 11,4 12,3 12,2
4. Urove
T1-T1 27,2 24,8 24,9 26,6
T1-T2 25,3 16,0 16,2 23,3
T1-PD 20,2 15,6 16,4 17,4
5. Urovei
T1-T1 27,7 26,8 27,1 28,5
T1-T2 25,1 194 19,9 24,9
T1-PD 20,0 16,9 17,9 19,2
Zavér

V tomto ¢lanku byl navrzen algoritmus pro malorasmou registraci MRI obrazvhodnou
pro pruznou registraci obrazna digitalni atlas mozku. V experimentu s &ymi
deformacemi byla studovana kvalita registraigopuZiti étyi riznych podobnostnich metrik.
Kvalita registrace byla kvantitatign hodnocena pomoci poklesu chybyiekryvu

v segmentovanych obrazech. Podobnosti podéblgza nefeny s vyuzitim vzajemného
histogramu obraz a dale také s vyuzitim tkévych pravdpodobnostnich map. Chyba
piekryvu byla nejmensSiippouziti metrikSsc a Somi. P¥i implementaci algoritmu bylo pouzito
zobecrné interpolacetasténych objend, takZze nebylo nutnééhem registréniho procesu
piepaiitavat deformovany plovouci obraz. Navrzeny registir algoritmus je vhodny pro
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automatickou morfometrii v obrazech oZoganou jako voxel-based morphometry, protoze
piesnost registrace lze zd@dit nastavenim maximalni Gro¥ndéleni. Takto mohou byt
potlaieny v obrazech pouze globalni tvarové rozdily,rzedi jemna anatomicka variabilita,
ktera je dlezita pro statistické parametrické testyizm byt uchovana. Navic diky pouziti
multimodalnich podobnostnich metrik je moZné tinalgoritmem registrovat obrazy na
libovolny atlas mozku bez nutnosti dalSi transforenantenzit v registrovanych obrazech.
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A Prediction of Blood Flow through a
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Myocardial revascularization belongs among the mostfrequent cardiosurgery
operations. Perioperative and longterm survival depnd on the patency of the graft used
and the anastomotic quality. Haemodynamical charaetristics measured during
a coronary artery bypass graft (CABG) surgery helpverify anastomotic quality and also
affect longterm graft patency. During CABG surgery (on a heart bypass machine with
extracorporal circulation), a surgeon measures blad flow through the bypass at the
time the cross clamp is applied to the ascending da (blood is not flowing through
coronary vessels, rather through the bypass) andter at the same place after removal of
the cross clamp. The aim of this article is to finda statistical model for prediction of
blood flow through the bypass after removal of theross clamp based on the blood flow
value when the cross clamp is placed on the aortd/hen this prediction is good, we will
be able to decrease a number of measurements witledping whole information about
an object.

Keywords: myocardial revascularization, prediction of blood flow and blood pressure,
multiple regression, nonlinear regression model, tiearization, linear regression model
with constraints, outlier, leverage

Introduction

Coronary revascularization belongs among the mesjuent cardiosurgery operations in
the world as well as in our republic (in the ye@02, 10797 cardiosurgery operations were
performed of which 7051 were CABG surgeries) [1¢ri@perative and longterm survival
depend on the patency of the graft used and thst@natic quality. Many authors were
concerned with finding characteristics which deteergraft patency and anastomotic quality
from both a short-term and a long-term point ofwieAs it turns out, haemodynamical
characteristics help to verify anastomotic quadisywell as longterm graft patency [2], [3],
[4], [5], [6]. Louagie indicates resistance as andwnt characteristic for longterm graft
patency. Resistance can be calculated as bloodyseeslivided by blood flow through
a vessel [7]. Although this formula is only a siifipation of the reality (blood flow is not

a steady flow and blood is not a Newtonian fluil), [it is reasonable to think about blood
pressure and blood flow as characteristics whidbrdene resistance. Hata [9] confirmed on
a set of patients with low free blood flow through arterial bypass that a left mammary
artery (LIMA) is able to adapt its diameter in t&a to storage demands of a target coronary
bed. It is also known that a flow through a bypsssffected by the competitive flow of
a native coronary bed. Furthermore, flow throudbypass is speculated to affect changes of
graft patency in relation to a competitive flow ahe sensitivity of different kind of bypass
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grafts (LIMA, RIMA, SVG) [10], [11], [12]. During mgocardial revascularization (CABG on
a heart bypass machine), various measurementood Iillow through the bypass are taken:
free-flow (the bypass is not anastomosed on a ttaxg®nary bed yet), before removal of
the clamp from the aorta (a coronary bed is stordg by bypass — there is no competitive
flow) and after removal of the cross clamp from therta (with a competitive flow).
Sometimes, a surgeon takes two measurements brefoval of the clamp from the aorta:
one before removal of clamps from other bypassescae after removal of these clamps
(blood flow through a bypass also depends on eolid). A flowmeter (produced by
the Norwegian company Medi-Stim) is used for theasueement of blood flow during
aortocoronary bypass surgery at the Faculty Hdspit®©lomouc. This machine works by
the so called Transit-Time method. The principléased on the fact that the time required
for the ultrasound to pass through blood is slighthger when it is passing upstream than
downstream [13]. A surgeon can observe periopaigtiwith the aid of this machine
the blood flow curve, the blood flow value, the mdbow, the Pulsatility Index [Pl=(max.
flow — min. flow)/mean flow] and other characteigst It is possible to connect to this
machine two flow probes, two pressure inputs and &wxiliary devices, for example ECG
input. The flowmeter can calculate many charadiessfrom recorded data, for example
the Fast Fourier Analysis for a saved curve (ob8l@iow, pressure etc.). In a small group of
patients (35), mean arterial pressure and bload floough a bypass (a left mammary artery
grafted to the left anterior descending artery MAILAD) were measured during CABG
surgery at the time when the cross clamp is appieedhe aorta (blood is flowing to
a coronary bed only through a bypass) and alsdattime when the clamp is removed
(a competitive flow). The aim of this article isfiaod a statistical model for the prediction of
blood flow through a bypass after removal of thessrclamp from the aorta based on
the blood flow value with the clamp still in theapk on the aorta. When this prediction is
good, it would be able to decrease a number of wmeawents with keeping whole
information about an object.

1. Input data and model

1.1 Input data

Data representing blood flow through a bypass (LIMRD) are used for the analysis.
The measurements were taken two times: with thescetamp on the aorta (LIMA-LAD I)
and after the clamp was removed (LIMA-LAD IIl). #te same time, mean arterial pressure
was recorded in mmHg and the flow in ml/min. Datarevobtained from 35 patients during
LIMA or BIMA (the measurements were taken on thfeieammary artery) CABG surgeries.

Data obtained by measurement at the Clinic of @ardgery, Faculty Hospital in Olomouc
are organized in a vector of input ddta (X 1,Y1,-.-. %,Yns €1 M1,--- e 1) ( SIgNS vector
transposition), where

X1, X0,.e0y X is blood flow through a bypass LIMA-LAD |,

Vi, Y2, Y is mean arterial blooégsure LIMA-LAD I,
é1, &0y Cn is blood flow througtbgpass LIMA-LAD I,
N1y N2yeees M is mean arterial blood pressure LIMA-LAD llI.
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Table 1. Input data.

1 1] Vi & N 18 26 50 15 54
1 80 67 a7 65 19 51 62 38 74
P 101 | 47 40 47 20 |29 77 27 77
3 04 a8 o0 GO 21 84 a0 70 a7
4 53 03 56 03 22 40 70 49 oo
5 46 66 41 66 23 75 65 72 60
&} 30 63 22 67 24 24 60 12 56
7 34 65 11 o4 25 44 Tl 24 75
8 30 60 42 60 26 56 62 20 54
a 38 77 58 65 27 38 60 s 52
10 3 o0 30 55 28 10 67 i 03
11 55 03 35 67 29 60 65 46 60
12 31 60 24 57 30 30 54 13 47
13 85 67 38 65 31 o0 50 5 00
14 33 80 15 it 32 44 7O 33 74
15 36 70 14 70 33 36 65 21 57
16 74 75 55 G5 34 31 5T 22 o0
17 105 72 o8 78 35 43 7O 35 77

1.2 Statistical model

The model of the relationship between blood flowl gressure at the time when the clamp is
applied to the aorta (LIMA-LAD 1) and at the timéhen the clamp is removed (LIMA-LAD
[l) can be assumed in a few forms. The simplestsimde form is the classical linear
regression model.

Via L L Lap ) %
Vi2 Ly Loy Lo \ Y I @

wherex; andy; are values of the patient’s blood flow and bloodssure at the time when the
cross clamp is applied to the aorta apndandv;, are predicted values of these parameters
after removal of the cross clamp. There are randowors only on the left side w1 andv;,
values in this model. Parametexrs az, f11 , f12, f21, P22 @re estimated by the least square
method.

However, the presumption of errorless valugsand y; don’'t correspond to the reality.

The “Crystal ball” model, in which we assumed valugandy; as realizations of random
variables, is better.
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EQ) s havees T Chao i b sz Var(©) 52( ~e | j 2)

2n,2n

where E{) satisfies the conditions:

E(& Ex,
(FO)- (BB AYZE) imss
E;) &, B B N E(y;) 3
(3)
Note: E€) andVar ({) denote the mean value and the variance of the rawvaator,
The variance matri¥ar ({) is assumed in the simplest possible form and itsesd for less
complexity of following calculations. It will be sessary to assume more complex form of

this matrix in further research but at the sameetitrwill lead to a problem of estimation of
variance components.

2. Prediction of blood flow and pressure

2.1 The classical regression model

Estimations of parametets, a, f 11, f12, f21, f22 , which we obtain for our data set with
usage of function Im(y~x)(available in software B)e shown in the table 2.

Table 2. Estimated parameters in the classical @sgion model.

u |1 [.1] |[.2]
L] 3754 [L] 0.82] 0.044
2] 542 [2.] 052] 086

In the figure 1 we can see the measured (blackeahohated (bold red) values of blood flow
through a bypass and blood pressure after remdviieocross clamp from the aorta. To
compare the efficiency of the classical regressidel and the “Crystal ball” model we
show residuals in the following tabl& @nds; are measured values of blood flow and blood
pressure after removal of the clamp from the aorta)

,ﬁy!.,l =i S ﬂvi; =1 —Via> =12,

(4)
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Table 3. The residuals in the classical regressimuel.

1 vy AV, 12 534 ] -1.51 24 094 -2.20
1 4.76 | -1.69 13 -28.32 ] -1.01 25 -14.02 1.26
3 2008 -3.36 14 -15.59 1.16 26 -11.09 | -7.33
3 {18 -216 15 -13.59 2.65 27 -16.37 | -0.82
4 17.85 0.04 16 047 | -8.32 25 -3.12 | -0.63
5 <01 1.66 17 12.78 5.01 29 1.11 | -4.09
6 2.62 505 18 5.57 4.33 30 -1.75 ] -6.29
7 .12.68 1.05 19 1.99 | 1289 31 22.37 5.38
] 16.82 1.14 20 1.22 3.92 32 -4.50 1.13
0 2488 | 847 21 17.10 6.17 33 431 | -6.04
10 2241 -4.56 22 17.85 1.47 34 4.89 4.08
11 -4.78 1.85 23 1487 | -4.74 35 -1.69 4.17

LIMA-LAD lil
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W 2 36 -'
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E g 7 o . 29 24
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@ -I%‘l
o i 1920 21 LR
2B #_ qp® B =
o ime
= 34 '
i ? 10
Vi i
o
24w :
30 27
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] 20 40 60 g0 100

blood flawe [mlimi i

Fig. 1. Estimated and measured values of bloodsuresand blood flow through a bypass
after removal of the cross clamp from the aort#hi@ classical regression model
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2.2 The “Crystal ball” model

We establish predicted values for patient numiaerfollows:

{ﬁu] =[ g}{ ) J(x] (5)
V:‘,z {83 /Sj /8.5 .}’z'
wherex, andy; are measured values of blood flow and blood pressii the time when

the cross clamp is in the place on the aorta Yu1dnd “.zare predicted values of these
parameters after removal of the cross clamp.

An algorithm of the calculation of estimations @rameterg ;, i=1,2,...,6, which is iterative,

is presented in the appendix A.1. Now we are tgstie efficiency of the suggested algorithm
on a data set which was used for the estimate rehpeterss;. We compare estimated values

with directly measured values. The points for thigiadl iteration lie on a border of the data
field (i=14, 17, 18). The numbers mean order numbef observations (patients).

Values of parameters; obtained in six iterative steps for the points oitial iteration
mentioned above and our data set are shown irathe 4.

Table 4. Estimated parameters in the “Crystal baitbdel.

g | -99.10
g, | -11.96
2, 0.96
8, 1.34
8, 0.06
8, 112

For our data set we obtain following variance nxasmd estimation o6 2 (the algorithm is
presented in the appendix A.1):
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&4 =146.52034,

ﬁl 530914 225030 -0.840 -7.528 -0.350 -3.137
ool 225030 326432 -0.350 -3.137 -0.508 -4.551
Var %}3 y -0.840  -0.350  0.008  0.005  0.0053  0.002 .
8, -7.528  -3.137  0.005 0110 0.002 0.040
B -0.350  -0.508  0.003  0.002  0.005  0.003
Bﬁ -3.137  -4.551 0.002 0.046 0.003 0.0006

For numerical expression of accuracy of estimabgaioed in our model, we show values of
the following residuals in the table 5:

Avy =di—v , Av, =m—v,,, i WA 4 (6)
Table 5. The residuals in the “Crystal ball” model.
i Avi; | Awg [12]] 4.77] -3.28 [24]] 296] -2.28
1] 032 <33 [13]] -1231] 7.37 [25]] -8.04] 490
[2]| -818] é.01 [14]] -876| 5.08 [26]] -160| -1.72
[3]] -5390] 225 [15]] -6.23 5.00 [27]] -2.38] -0.68
[4]] 695 -4.19 [16]] -3.81| -2.27 [28]] 0.76] -0.76
[5]] 233] -0.94 [17]] -116]| 2.36 [29]] 111 -2.61
[6]] 1.14] 2.23 [18]| 6.04| -041 [30]] 486| -478
[71] -404] 342 [19]] -1.75] 7.33 [31]] 6.06] -1.41
8] 797 -4.39 [201] -2.22] 2.10 [32]] -419] 226
[0]] 940 -11.58 [21]] 442] 0.06 [33]] o084 -3.14
[10]] 145] -246 [22]] s570] -3.86 [34]] 389| o016
[11]] 267 4126 [23]] 566| -6.17 [35]] -387| 3.39

In the figure 2, there are measured (black) anidhastd (bold red) values of blood flow and
blood pressure after removal of the cross clamm filve aorta.
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Fig. 2. Predicted and measured values of bloodsaressand blood flow through a bypass
after removal of the cross clamp in the “Crystallbanodel.

Already from the picture and also from the valuésesiduals we can see that the “Crystal
ball” model, which contains more parameters and fact leads to better approximation of
the measured values by our estimates, describdiy rbatter than the classical linear
regression model.

2.3 Location of outlier points in the*Crystal ball” model

In this section, we try to locate outlier obseroas in the “Crystal ball” model. Thereatfter,
we will exclude the outliers from the data set ugedalculation of parameters and study
changes in the model.

We find the indexes for which the expressions (88 greater than or equal to 1.96 (or
approximately 2). The points of these indexes aresaspect outliers.

For our data, set we have found as outliers thetpevith indexes 2, 9, 13, 14, 25, as you can
see in the table 6.
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Table 6. Suspect outliers in the “Crystal ball” maid

1 (v [ artv)] v}/ fPar(vy)] 1 (v Wartv)] iv.) [ fFar(v)]
1 -0.0620 0.0795 13 -1.4524 -0.0800
1 0.1952 -(0.2574 19 0.3311 -0.4250
2 2. 4064 -2.4933 19 -1.0514 1.3836
2 0.9999 1.4239 20 0.5530 -0.5654
3 1.3696 -1.3573 20 0.1288 0.4152
3 0.9032 0. 4407 21 -1.1524 1.1128
4 -1.6880 1.6916 21 -1.1412 0.0126
4 -0.8654 -0.7923 22 -1.4256 1.4346
5 -0.5717 0.5001 22 -0.6574 -0.7431
5 -(0.3838 -0.1771 23 -1.3583 1.4030
0 -0.3219 0.2789 23 -0.1483 -1.1888
6 -0.7385 0.4257 24 -0.7258 0.7348
T 0.9763 -(0.9934 24 -0.2723 -0.4410
7 0.3050 0.6549 25 1.9768 -1.9514
s -1.9367 1.9347 25 1.0032 0.0382
8 -1.0731 -0.82584 26 0.4584 -0.4183
9 -2.2851 2.3823 26 0.7770 -0.3300
9 0.0311 -2.2822 27 0.6324 -0.6015
10 -(.3321 (0.3563 27 (0.7532 -0.1346
10 0.1412 -(.4091 28 -0.1868 0.1920
11 0.60008 -0.6475 28 -(.0345 -0.1403
11 -0.2048 0.8037 20 -0.2397 0.2690
12 -1.1603 1.1688 20 (0.2549 -0.4025
12 -0.5146 -0.6253 30 -1.2062 1.2371
13 3.0490 30550 30 -(0.2300 -0.9468
13 1.5730 1.4212 31 -1.6281 1.5054
14 2.2011 -2.2022 31 -1.3074 -(.2888
14 1.1691 0.9922 32 1.0383 -1.0361
15 1.5050 -1.5281 32 0.5853 0.4341
15 0.5091 0.9703 33 -(0.1648 0.2045
16 1.0020 -0.9355 33 0.4332 05081
16 1.4110 -(0.4322 34 -0.98R80 0.0534
17 0.2890 -0.3170 34 -0.99384 0.0301
17 -0.2156 0.5015 35 0.0476 -0.9653
18 -1.5652 1.5185 35 0.2730 0.6579

After exclusion of our suspect points from calcwlatof parameters in the “Crystal ball”
model, we obtain the results shown in the table 7.

When we compare values of calculated parametdisicase of an entire data set and a data
set with exclusion of suspect outliers, we can tbe¢ the blood flow after removal of the
cross clamp depends more on the blood flow atithe when the cross clamp is applied to
the aorta and much less on the blood pressures dintle when the cross clamp is in place on
the aorta. Moreover, we can claim that the diffee=nin dependence on blood flow (less in
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the entire data set) and blood pressure (high#rarentire data) get bigger in a case of blood
pressure after removal of the cross clamp.

Table 7. Estimated parameters after exclusion efstiispect outliers.

g | -45.67
g | -19.17
£, 1.04
8, 0.50
2, 0.05
8, 1.24
LIMA-LAD LI
20 17
. 3B 17
. 32
32 18
22
= 15, i
: : 22 .
15 19 he
. B Mg : H
T o 5 ¥1 % e
- 6 16 1 ;
E |’ Ry I -
E A ! 23
' o, 28
T 3 3 28 73
o )
3.
o 3512
2 10
B - 260
13 26"
o 87
. 18
=R
30
30
I I I I I I
0 20 &0 G0 al 100

blood fiow [midnin]
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Fig. 3. Predicted and measured values of bloodsaressand blood flow through a bypass
after removal of the cross clamp from the aort@aéxclusion of suspect outliers.

Already in the figure 3, where estimates of blotmivf are marked in bold red and blood
pressure and in black, we can see that the residyodllower after the exclusion of suspect
outliers. Also, the table of residuals confirmsthiatement.

Table 8. Residuals after exclusion of the suspeattiecs.

1 i'ﬂ};;j i".‘b’;;z 1 iW':',I i‘n"r’z',:? 1 i".‘v‘;;j i‘ﬂ;;z
1 -1.40| -0.80 15 -5.96 1.80 20 590 -0.99
3 -8.74| 0.83 16 477 -3.69 27 -6.69 | -0.22
4 6.91| -1.50 17 -0.88 1.15 28 194 -1.19
5 266 -0.45 18 2.84 2.99 29 -0.87| -1.60
G 1.55 2.04 19 -1.79 5.79 30 0.54( -1.13
g -5.27 1.73 20 2.00| -0.97 31 3.57 1.65
8 7.68 | -1.15 21 2.60 2.13 32 -1.90 | -0.86
10 -2.13 | -0.67 22 8.55| -2.76 33 070 -2.34
11 -4.31 3.19 23 4.00( -3.29 34 2.42 1.95
12 348 | -0.98 24 1.35| -0.64 35 -0.86 0.04

2.4 Location of leverage points in the “Crystal bdt model

In this section, we find points which most affdut values of estimated blood flow and blood
pressure in the “Crystal ball” model (section kguations (2), (3)).

We want to find the maximum of absolute values efivéation of the terms (38) and (39),
I.e. maximum of:

o~

28

L),

AILZ],
VAT

A

= )] and =), | (7)

For our data set without the exclusion of suspedetiiers, we obtain by calculation as
a leverage point for estimates of incremafisdv and also for parametefisthe point with
index 2. After the exclusion of suspected outligre,obtain as leverage point for estimates of
incrementsdu anddv the point with index 17 and for estimate of incests of parametefs
the point with index 30.
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Conclusions

If we use the classical linear model for estimateblood pressure and blood flow after
removal of the cross clamp from the aorta duringBGAsurgery, we obtain less accurate
estimates than when we use the “Crystal ball” moslereover, when we exclude suspected
outliers our estimates are even more accurate. §iatement leads to the hypothesis that
patients are divided into several groups and withavgorithm we can calculate certain values
of parameters for one group and generally differemiues for other groups. However,
inclusion of patients in the wrong group may be ifesmted as outliers. To confirm this
hypothesis we must complete a deeper analysislafgar group of patients and include in
the surveyed parameters those which can affectitflow through a bypass before and after
removal of the cross clamp from the aorta in the Wt they define the above mentioned
groups. We can use for example the percentageenbsis in the target coronary bed, the
ejection fraction, FFT ratio, the type of bypasedifLIMA, RIMA, SVG), time of dilatation,
the bypass as pedicle/scelet and others [2], 12], [

In this orientation period of research a very sifigad structure of covariance matrix was
used. In further research the covariation matrikiclv respects differences in dispersions of
the measure of blood flow and the measure of bfwedsure must be studied.

The numerical results obtained by suggested metied “Crystal ball” indicate real
possibility to predict values of blood flow and btbpressure after removal of the cross clamp

from the aorta. However, many calculations on ladgga sets must be done before release of
this method.

Appendix The “Crystal ball” model

The model of the relationship between blood flowl aressure at the time when the clamp is
applied to the aorta (LIMA-LAD 1) and at the timehen the clamp is removed (LIMA-LAD
[II) we assume in this form (for notation see sactl.1):

EQ) [51,1’ELZWHEM’En,z’gl,l’ELZP-wjn,l’jn,z:' Var(g) Ez( ne j (8)

2n,2n

whereE(() satisfies the conditions:

{E{éj:{ﬁl]-k{% ﬁ*]{E(x")] f=ET
Em)) \B) \8& BNEG)) o )

Note: E(() andVar({) denote the mean value and the variance of the navaator{.
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A.1 Estimate of parameters of the model

The task is to estimate values of model parametergi; 1 1.2, Un1lin2 V 1.5,V 1,2,---V n.1,V

n2 and namelyps,... s, in terms of our measured data. To solve this Iprobwe use
linearization of the model. The model is not linbacause there are products of paramgers
andp. After linearization we use estimate algorithmenirthe model of a direct incomplete
measurement of a vector parameter with a systepowstraints from the fourth section of
the book Statistika a metrologie [14] and from theok Statistical models with Linear
Structures [15]. A necessary condition for estioratof the parameters is the number of
observations plus the number of constraints h&® tgreater than a number of the parameters,
in our case: 4n+2n>4n+6, because we measure foamgesers of each patient.

After linearization we get the model of a directomplete measurement of a vector
parameter:

0, [Thy
03 2
col o~ A (10)
o [Tha
7 [Th,

n,2

with constraints

L1

[, [7T4 (11)
b Bl ! | Bl i | O

In,l Iﬁ

In,Z
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where
{10] oy 0y, 0o oy, o
_V1,1+Fo'1 + 5 R =

o A0 oy Lo ALY R Ay 12
= Rt e (12)

Ly (o) (), 0m ray oo
IR = Rl = R S ol e 2/

0] Iy [0y, 0o [0y, o
R T = Bl = U S o = 2

The matrixB; of the type 2nx4n is (a vertical line separatest 2n columns):

g0 g™ 0 00 B @ 0l O 0 0 0 0
o O 0 0 0.0 -1 0 0 0 0
o B A% A% 9 g 0 0% o =1 0 0 0 0 0
C R S B 0 0 0 0 =l 0 0 0 0
G g e e e i e e N e
0 0 0 0 0 - 0 g% g210 0 0 0 0 - 0 -1 0 (13)
o 0 & 0o 0seg g e o0 0 oD 0 g =]
The matrixB; of the type 2nx6 is:
10 0 o
0 0

o1 0 o0 /9 %
1 0 /% /5 0 0
0 1 0 0 /g /i (14)
10 /9 9 0 o

1 0 7 o
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Estimations of parameteds;, ovij , i1=1,2,...,n, j=1,2and Jf;, i=1,2,...,6 are obtained by
minimization of function:

/@ [17 /@ [17

11 11 11 11
0Ty, 0,0 o)+ o) ] I (] I (15)
O )\, 0. )\,

with satisfaction of the constraints (11).

After tedious calculation we get the result in tben:

[,
j].2
in,l
oy (16)
ez 1B.B,B, B,B," BB, BB, B, B,B,B, B8, B, B,B,B. B8, Bz,
11
[,
in,l
fn,z
) - a > E ‘ 'r r ' ¢ =L ¢ ¢ ¢
'@81,@82,@83,,@84,@85‘@86 I :_B2|B1B1 +B2B2 IIBI B2|B1B1+BIBI I1]312"q (17)
where
20 050, %000, .., %000, y,00%,400%,5,009,....4,00%,5,009L (18)
This result is considered as the result of thst fieration step, i.e.:
AL 0 ~0 0 -
51(.1) 51(.1) jll :%L( ) E:L( ) L4 (19
AL 0 - 0 0 -
D) ) \Dhe) \567) \56”) s
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Following vectors are used in the next iteraticpst

41 AL o 3]
/—4.1 i M A
: | | instead of wvectors | [, | :

(1) AL (o) 3]
Va2 korig 5 Va2 I

The resulting estimate can be written as follows:

oo o o o o5 o
i - - il , il .

) A o and A o I=1,2,...,n (20)

L4 L2 i;.(,z L) Mg Ii(,z

o f T =1,2,...,8

where /%9, A% =12, j=1,2and * ¥, i=1,2,...,6are estimates of parameterand
p from the previous iteration.

The vectorZz® in the k-th iteration step is:
— { r
ZO0 0D,y 08D, %, 08D,y 0289, g, g o, L, g oo, g, jfﬁ@”[ (21)

In the iterative process we correct the estimatdiseoparameters with these relationships:

1;';-‘5) = ,5(1') +ﬁ(k)f}® +ﬁ(kjf}[;k)

i.Lkarip 1 g S 4 i2 n e - L -
P A A i=12..n k=012. (22)
¥ i :’62 +'85 ., +’gﬁ M.,

For the initial (zero) iteration we choose

79 x, o9y, fori=1,2,...,n =3)

and parameters;;?, i=1,2,...,n, j=1,2and 5, i=1,2,...,.6 we calculate from equations for
three points (in the xy plane), which lay at bosdef points field, i.e. for certain coordinates:
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i || a2 | | ¥ . . S | [ & &;
. . and corresponding points . . .
g wHin S W\ T/ ) \Js

For these points we solve the system of equations:

10 %, y, 0 0Ya) (&
D 1 D {} x:’l .}, il KS')E & ??11
1 0x p, 0 0zg”| |&
D 1 D {} x:’ﬂ .yz'ﬂ -ED:I ??2'2
1 (‘} xﬁ .}', K] (‘} {} _‘I.: M 4513 (24)
01 0 0 x5 ¥y ﬁE - iz

Parameters,©, i=1,2,....6are the solution of this system and they are frsethe calculation
of the initial iteration of parametevg,-(o), i=1,2,...,n, j=1,2in following equations:

© A0 A0 0 A0 A0
PR A I Y i=1,2,...,n (25)
0 A0 A0 O AO) 0) 14y
I I A A I

where parameteys;?, i=1,2,...,n, j=1,2are set up in this way:

79 x and 9 . (26)

The iterative calculation is finished when estirsaté the incrementsu j, ovij, i=1,2,...,n,
j=1,2 andog;, i=1,2,...,6can be omitted, i.e. on the following condition:

% 0% g | 2 D 12,00) 12 (27)

whereg is a preset constant.

Estimates of parametefsobtained in six iterative steps=0,1) and our data set are shown in
the table 4.

An estimator of a covariance matrix for these pa@ms is calculated by following
relationship:
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~2[B. B8, B8, B, I (28)

Var

O_’F>mm>bu>wu>mu>'_@>

viv, VLv, (29)

whereas

64 = number of measurements(140)+number of congs(@0)—number of
parameters(140+6)

and

(Vlj yn T.ﬁn,z (30)

For our data set we obtain following numericauifes

&4 =46.52034.

ﬁl 539.014 225030 -0.3840 -7.528 -0.350 -3.137
5 225,030 326.432 -0.350 -3.137 -0.508 -4.551
Fr #93 s -0.840  -0.350 0008 0.005  0.003  0.002 .
8, -7.528  -3.137 0,005 0110 0.002 0.040
B -0.350 -0.508 0003 0.002 0.005 0.003
Bﬁ -3.137  -4.551 0,002 0.040 0.003 0.066
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A.2 Location of outlier points in the “Crystal ball” model

When the iteration is stopped (k-th step), for vector of residualg ® from the equation
(21), the following relationship is certainly vatid

OO0 (% X
IS yn\\ﬁﬁkz) Yol I 0\ p® Yol I o)k §i®
v, 7| ""/ﬁ) O 0 I )\v® I 0 I )| y*™ &y®
n00% | A4, 0,
X
Dll(k 1) (31)
Yn 0
q
: I ‘V(k 1)

Jz€ B BB, BB, BB, B,8,"B,B,B,B, BB, "B, B, BB, B,B, "Bz,

When we substitute the vectdrfrom the last iteration into the last row of exgs®n we can
rewrite the relationship in the following form:

[\ﬂ “B,B,B, BB, BB, BB, '8,B, BB, BB,'B, B,BB, BB, "Bz (32)

2

Thereafter, when we denote
T BB BB, BB B,B,"8,B, BB, B,B8,"B, 'B,B,B B,B, " (33)

we can write

Vq —2 Var(vl) COV(V17V2) —2 Qll Q12
Var(vzj 7 BTB.EB, (COV(VZ,Vl) Var(Vz)j N (Qzl sz} (34)
For everyi=1,2,...,2nwe calculate these expressions:
N N X N e N fGETo
(35)

) Var(v),  [,)/407Qu,
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A.3 Location of leverage points in the “Crystal bal’ model

When the iteration process is stopped (k-th stepyse equations for increments

B A

N

=

N

Z(k’DBEﬁBlBQ B,B,* 1[B,B, B,B,"B,B,B,B, B,B, B, 'B,B,B] 528;?@12(“ (36)

BABE .

N

s

55

N

T s (IBUIB,BY B,B,B, 'BLIB,B, B,B,'B,z® (37)

which we can write as follows:

[,

I,z ® .
7, (38)

[T

11BBB; BB, BB B,B.B,B,B,B, B,8,"8, 'B,B,B, B,8,"B,2Y

jl-IZZ(k) EI’\é_!I’\/Z!I’\S!I’\mIA/S!I’\/G[[ 1[5;3159 BZB;IleZ[lB;]BIBp BZnglBl{Z(k) (39)
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Revaskulatizace myokardu paki mezi negastjSi kardiochirurgické zakroky.
Perioperaéni i dlouhodoba Us@Snost revaskularizace koronarnihoregiSté zavisi na
prachodnosti pouzitého Sfpu a kvalité anastomozy. Hemodynamické charakteristiky
mérené peroper&né pomahaji owFit kvalitu anastomézy a ovliviiuji i dlouhodobou
priachodnost pouzitého Stpu. Pii operacich bypassu v mimatinim obéhu chirurg m éfi
pritok krve Stépem v doks, kdy je na aorté nalozena svorka (do srdce nafichazi krev
prostiednictvim koronarnich cév, ale pouze &Fenym S€pem), a pozdji méri na tomtéz
misté priatok po povoleni svorky na aoré. Cilem této prace je nalézt model s jehoz
pomoci bude mozné pedpowdét pritok krve Stépem po povoleni svorky na aogt na
zakladé prvniho méreni pii naloZzené svorce. B spolehlivé predikci by bylo mozné sniZzit
pocet méreni se solasnym zachovanim informace o objektu.

Kli ¢éova slova: revaskularizace myokardu, predikce pitoku a tlaku krve, vicerozmérna
linearni regrese, nelinearni regresni model, linedzace, linearni regresni model
s podminkami, outlier, leverage

Uvod

Operace bypassu patv celém swte i v naSi republice mezi restjSi kardiochirurgické
zakroky (10 797 sramich operaci, z toho 7051 operaci aortokoronarbighass v roce
2002 v CR) [1]. Perioper&ni i dlouhodobéa usfnost revaskularizace koronarnitesiste
piitom zavisi na prchodnosti pouZitého &u a kvalit anastomoézyRada autak se zabyvala
stanovenim charakteristik, které jsowwici pro stanoveni jchodnosti &tpu a kvality
anastomozy, jak z kratkodobého tak z dlouhodobéHedidka. Ukazuje se, Ze
hemodynamické charakteristiky pomahaji ¢idtv kvalitu anastomoOzy a ovliwji i
dlouhodobou prchodnost pouzitého &u [2], [3], [4], [5], [6]. Louagie uvadi jako
dominantni charakteristiku ovitujici dlouhodobou gichodnost &pu rezistanci, kterou lze
stanovit jako podil tlaku krve a jgoku krve cévou [7]. Tento vztah je ale zjednodiden
reality jiz proto, Ze prtok krve S&pem neni stacionarni a krev neni Newtonovska kagal
[8]. Presto ma smysl uvaZovatipok krve S&pem a sedni arteridini tlak krve jako véiny
rezistanci determinujici. Hata [9] na souboru padieu nichZz byl naréfen nizky volny
pratok arteridlnim &fpem, potvrdil jiz dive uvazovany fakt, Ze levA mammarni artérie
(LIMA) je schopna pizpusobovat syj primér v zavislosti na péebach zasobeni cilového
koronarnihorecisté krvi. Sowasré je znamo, Ze [itok S&pem je ovlivien kompetitivnim
praitokem nativniho koronarnihiecisté, piicemz se spekuluje o tom, zda tento kompetitivni
pritok mize zmisobit znénu prichodnosti Sfpu a zda jsou vSechnyépy (LIMA, RIMA,
SVG) stejié citlivé na jeho fsobeni [10], [11], [12]. V pibéhu revaskularizace myokardu —
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operace v mimetnim okehu, se proto provadi vicedieni: free-flow (volny piitok S&pem,
ktery jeSt neni naSit na cilovou koronarni artériiyeg povolenim svorky na aér{neni
piitomen kompetitivni pitok nativniho koronarnihieCiste), po povoleni svorky na aéra na
konci operace ied uzavenim hrudniku. Bkdy se ped povolenim svorky na aérprovadi
meieni dvakréat: v dok kdy ostatni py nejsou povoleny, a po povoleni videch naSityghist
(zachycuje vliv kolateral). V Olomoucké fakultnimecnici je jiz od roku 2002 pro &eni
pritoku krve g operacich aortokoronarniho bypassu vyuZivaritopomér norské
spole&nosti Medi-Stim, ktery pracuje na tzv. Transit-Tinpeincipu. Ten je zaloZen na
stanoveni¢asového rozdilu mezi dobou, kterou urazi ultrazwykeignal z vysilée do
prijimace proti sndru toku krve, a mezi dobou, kterou urazi @pasignal smitujici po sndru
toku krve [13]. Tento fistroj umo#uje sledovat v gibéehu mefeni @imo pi operaci aktualni
kiivku pratoku krve, velikost pitoku krve, pimérny pritok krve, Pulsatility Index Pl=(max.
pritok - min. phatok)/pramérny pritok a dalSi vetiiny. K pristroji Ize gipojit dvé sondy pro
snimani pitoku krve, dalSi 2 sondy snimajici tlak krve a pdizici jsou roviéZ 2 vstupy pro
dalsi signaly, nap pro EKG. Pro zaznamenana data lzecgpbdalSi charakteristiky, mimo
jiné lze proveést rychlou Fourierovu transformaad ibovolnou zaznamenanouiwku. Na
mensim souboru pacién{35) byl @i operacich bypassu v mingiim okthu (CABG, on-
pump) zaznamenanisatni arterialni tlak krve v a. radialis a také g#smy phtok krve
Sttpem (levd mammarni artérie na r. interventrikulanserior - LIMA-LAD) v dok, kdy je
na aort naloZzena svorka (do srdce nepazi krev progednictvim koronarnich cév ani jinou
cestou, ale pouze dfenym S¥pem), a pozdi byl zaznamenan tlak krve a Zien piitok na
tomtéZz mist po povoleni svorky na aért(pisobeni kompetitivniho ptoku). Cilem této
prace je nalézt model s jehoz pomoci bude mozeépowdét pritok krve Sépem po
povoleni svorky na aaftna zaklad prvniho néfeni @i naloZzené svorce. iPspolehlivé
predikci by bylo moZné snizit pet méfeni se sotasnym zachovanim informace o objektu.

1 Vstupni data a model

1.1 Vstupni data a zndeni

Pro analyzu jsou pouZitaduoe zaznamenana data oifwku krve bypassem tvenym levou
mammarni artérii (LIMA) naSitou na ramus interventiaris anterior (LAD) levé koronarni
cévy. Meieni bylo provasno pri naloZzené svorce na adr(LIMA-LAD I) a pfi povolené
svorce (LIMA-LAD lll). Souwasre s pfitokem krve v ml/min byl zaznamenavan tesini
arterialni tlak krve v mmHg. Data byla ziskan&remim u 35 pacieftpii operacich LIMA
nebo BIMA (méifeni provedeno na levé mammarni artérii).

Data ziskana gfenim na kardiochirurgické klinice ve FN Olomouc ysaspdadana do
vektoru vstupnich ddt&(X1 ,Y1,-- - % Y&ty 711 5e-Enitin)’

(' ozn&uje transpozici vektoru), kde

X1, X200y X zn&i pratok krve bypassem LIMA-LAD |,

Vi, Youeees Yo zna&i stredni arterialni tlak krve LIMA-LAD |,
¢, ey n znai pratok krve bypassem LIMA-LAD llI,

N1y N2yeees M zna&i stredni arterialni tlak krve LIMA-LAD III.
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Tab. 1. Vstupni (na#fiena) data.

1 1] Vi & i 18 26 50 15 54
1 80 67 67 65 19 51 62 38 74
x 101 | 47 40 47 20 |20 77 27 77
3 a4 (W (W1i] 60 21 54 o0 7O 67
4 53 63 56 63 22 |40 70 49 GO
5 46 66 41 66 23 75 65 72 60
6 30 63 22 67 24 | 24 60 12 56
7 34 65 11 64 25 44 77 24 75
8 30 60 42 60 26 56 G2 20 54
0 38 77 58 65 27 |38 60 8 52
10 55 60 36 55 28 10 67 2 63
11 55 63 o) 67 20 | a0 65 46 60
12 |31 60 24 57 30 |30 54 13 47
13 85 67 38 65 31 00 50 06 66
14 |33 80 15 77 32 |44 76 33 74
15 36 70 14 70 33 36 G5 21 57
16 74 78 55 65 34 |31 57 22 60
17 105 | 72 08 78 5 43 76 35 77

1.2 Statisticky model

Vztah mezi piitokem a tlakem v dabnaloZzené svorky na a¢rtLIMA-LAD 1) a po povoleni
svorky (LIMA-LAD IIl) Ize ptredpokladat v &kolika tvarech. Nejjednodussi mozny tvar je
klasicky linearni regresni model.

(6 (2 20
i,2 ) Lo Faa \ Y

kdex; ay; jsou hodnoty pitoku a tlaku krve pacientadase ped povolenim svorky na adra
vi1 @vi2 jsou predikované hodnotydahto parametr po povoleni svorky. Nahodné chyby se

v pripact pouziti tohoto modelu vyskytuji pouze v hodnotaghavi,. Parametryu ,az, f11,
12, f21, P22 jsou odhadnuty metodou nejmensétherai.

Predpoklad o bezchybnosti hodnetay; vSak neni v souladu s realitou. Model adekfatn

realit je model ,Kfistalova koule", ve kterém serqupoklada, Ze i hodnotg ayi jsou
realizaci ndhodnych pramnych a tedy:

EQ i havees Chs Chiao b szt Var(©) DZ( ~e | j 2)

2n,2n
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piicemZE(() sphuje podminky:

ECD) (4) (5 GYECD) i, -

Poznamkak(() aVar(() zn&i stredni hodnotu a varianci nahodného vektoru

Predpokladany tvar kovarigni maticeVar(() je nejjednodussi mozny a je pouZzityukv
mensSi obtiZnosti dalSich vy§éd. P dalSim vyzkumu této problematiky bude nutno uweto

e

slozitjSi tvar této matice, coz vSak povede k problémuedd variatnich komponent.

2 Predpowd’ hodnot pritoku a tlaku krve

2.1 Klasicky regresni model

Odhady parameir ai,02, f11 , P12 P21, P22 pro naSe data ziskané pomoci funkce
| m( y~x) ,kter& je dostupna v softwaru R, jsou uvedeny v2ab

Tab. 2. Odhadnuté parametry klasického linearniloal@fu.

[.1] |[.2]
0,82 0,044
0,52 0,86

=
—

[L]| 37.54
2.1 542

_|,_|
bt | et
" »
Y (T

Na obr. 1 jsou znazogny jednak narérené €errg) ale i odhadnuté (tun¢ cerverg) hodnoty
pritoku krve bypassem a tlaku krve po povoleni svamiyaor¢. Pro srovnani dinnosti
regresniho modelu a modeluij&alova koule" jsou v tabulce 3 uvedena rezidiia £ ; jsou
nameérené hodnoty fiitoku a tlaku krve po povoleni svorky na &arti-tého pacienta):

[ji,l 4 DLﬁi,l ’ Dgi,z L [Ei,Z' i=1,2,...,n (4)
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Tab. 3. Rezidua v klasickém line&rnim regresnimatuod

1 Avy, Avi, 1 Avy, Avi, 1 Avy, Avi,
1 476 -1.69 13 2832 -1.91 25 -14,02 1.26
2 2008 | -3.360 14 -15,50 1.16 20 -11.09 | 733
3 8,18 | -2.16 15 -13.80 2.65 27 -16.37| -0.82
4 17,85 0.94 16 6,47 | -B.32 28 -3.12 | -0.,63
5 7,01 1.66 17 12,78 5.01 20 1.11 -4.00
i) 2,02 5,05 15 5,57 4.33 30 -1.75 -0,29
7 -12.68 1.05 19 199| 1289 31 22,37 5,38
8 16,52 1.14 20 1,22 3,92 32 -4.50 1.13
9 2488 -847 21 17.10 6.17 33 -4.31 -0.04
10 224 | -4.56 22 17,85 1.47 34 4,89 4.08
11 -4.78 4.85 23 1487 | -4.74 35 -1.69 4.17
12 534 -1.51 24 094 -2.20
LIMA-LAD I
7
e om0 36
o e
- 25 .
70 i?::éa 16 o
= 15. 5
s 1522, R e
L & ) 513 - e 1
% P 7 }‘H '4 \.
E 6 ":‘ﬁ-‘l’ : 21" " 31
@ 3 = qn® = ez
= a4 I
3&’12
o 2 34 L
w7 o 1'3
3 &
G 13 R
3:3 2
| | | I | |
a 20 40 60 a0 100

hlood flowe [mlimi ]

Obr. 1.Predpowzené a nadrené hodnoty tlaku krve aijfioku krve bypassem po povoleni
svorky na aod pomoci klasického linearniho regresniho modelu.
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2.2 Model ,K¥istalova koule“

Predikované hodnoty i-tého pacientdiare ze vztahu

ji ~ 5 F :
SIEIEEb)
iz Ly s Lg \Yi

kdex ay; jsou nangiené hodnoty fitoku a tlaku krve pacientadase ped povolenim

svorky na aott a “i1a Yizjsou predikované hodnotydahto parametr po povoleni svorky.
Postup vypoétu odhad parameti g; , i=1,2,..,6, ktery je itekani, je uveden v apendixu A.1.
Dale bude pro¥fena @&innost navrhovaného postupu na datech, ze kternylgtodhadnuty
parametrys;. Porovhame predikované hodnoty s hodnotaim@ nangtenymi. Body
zvolené pro nultou iteraci (i=14, 17, 18) se naefjiaza okrajich poleCisla znamenaiji
poradov&tisla gipadu (pacienta).

1 0

Ny

VySe uvedenou volbou bagro vypaet nulté iterace a konstanty ukoiici itera&ni vypaiet
¢=0,1 ziskame pro naSe data po Sesti teieh krocich pro hledané parametiynumerické
vysledky uvedené v tabulce 4.

Tab. 4. Odhadnuté parametry v modeluigfalova koule*.

g | 99.10
8, | -11.96
& 0,96
8, 1.34
2, 0,06
F) 1.12

Pro nase data vypada kovatiah matice a odhad 2 takto (postup vypdiu je uveden
v apendixu A.1):

& =46.52034.

ﬁl 530014 225030 -0.840 -7.528 -0.350 -3.137
ﬁz 225030 326432 -0.350 -3.137 -0.508 -4.551
7 §3 3 -0.840  -0.350 0008 0005 0003 0.002 .
B, -7.528  -3.137  0.005  0.110 0.002 0.046
ﬁj -0.350  -0.508  0.003 0002 0005 0.003
ﬁﬁ -3.137  -4.551 0.002 0.040 0.005 0.000
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Jako numerické vyj&dni gresnosti odhad vypaitenych pomoci naSeho modelu jsou v
tabulce 5 uvedena rezidua:

05, 400, , 05, G008, i=1,2,...,n (6)

Tab. 5. Rezidua v modelu f6ralova koule".

i | Avy | Avg [12]] 4.77] -3.28 24]] 296 -2.8
1] 032 133 [13]] 1231 737 251 8.04] 490
21 81s8| 6.01 [14]] 8.76| 5.08 26]] -1.69] -1.72
Bl 539 2.25 [15]] -6.23] 5.09 27]] -2.38] -0.68
4] 695| 419 [16]] -3.81] -2.27 [28]] 0.76] -0.76
51 233 -0.04 [17]] -116| 236 o] 111 -2.61
6] 114 223 [18]| 6.04] -041 [30]] 486 -4.78
71 404 342 o] 175 7.33 B1]] 6.06| -141
8] 797 -4.39 [20]] 222 210 32]] 419 226
O] 940] -11.58 21]] 4.42] 0.6 [33]] 0s84] -3.14
o] 14| -2.46 221 579 -3.86 [34]] 389 0.6
[11]] -2.67| 4.26 23] 5.66| -6.17 351 -3.87] 3.39

Na obr. 2 jsou znazogny jednak narérené €ernd) ale i predikované (tin¢ cerverg) hodnoty
pritoku krve bypassem a tlaku krve po povoleni svarkyorg.
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Obr. 2. Fredpovzené a nadrené hodnoty tlaku krve ajfioku krve bypassem po povoleni
svorky na aod v modelu ,KiSralova koule”.

Jiz z obrazku, ale i hodnot rezidui, jedtidze model ,kiStalova koule®, ktery ma&tsi paet
parametil, coZ vede k &Simu giblizeni odhadu k odhadovanym hodnotam, je adekj&tn
realitt nez klasicky linearni regresni model.

2.3 Nalezeni odlehlych (,outlier”) bodi v modelu ,K¥istalova koule*

V tomto odstavci se budeme snazit hledat odlehimmvani v modelu ,Kstalova koule®.
Podezelé body poté z dat pouzitych pro v¥pbparamefr vyloucime a budeme pozorovat, k
jakym znenam v modelu dojde.

Nalezneme takové indexypro které jsou vyrazy (35xt8i nebo rovny 1,96 priblizn¢ 2).
Body s €mito indexy jsou potom naSe podelg ,outliery”.

Pro naSe data jsou to body s indexy 2, 9, 13, 84jaR je vidt z tab. 6.

134 © 2006 EuroMISE s.r.o.



EJBI - European Journal for Biomedical Informatics
www.ejbi.org

EJBI 1/2006 (127 -1461)
J.Vrbkova et al.
Predpovéd pritoku krve bypassem pomoci statistickych metod

Tab. 6. Podezlé ,outliery” v modelu ,Krisralova koule“.

1 ::"'1 :: ,l/ﬂ' :}?ar(vlj_: I:V, :: /qf |}}ar(v3 ): 1 VL ,'( :}}m‘(xl ): ::vz :: /n.f ﬁzr(v: ):
1 -0.0620 0.0795 18 -1.4524 -0.0800
1 0.1952 -0.2574 19 0.3311 -0.4250
2 2.4604 -2.4933 19 -1.0514 1.3836
2 (0.9999 1.4239 20 0.5530 -0.5654
3 1.36%6 -1,3573 20 0.1288 04152
3 0.9032 0. 4407 21 -1.1524 1.1128
4 -1.6880 1.6916 21 -1.1412 00126
4 -0.8654 -0,7023 22 -1.4256 1.4346
5 -0,5717 0.5661 22 -0.6574 -0.7431
5 -0,3838 -0.1771 23 -1.3583 1.4030
0 -0,3219 0.,2789 23 -0.1483 -1.1888
0 -0,7385 04257 24 -0.7258 0.,7348
g 0.9763 -0.9934 24 -0.2723 -0.4410
7 0.3050 0.6549 25 1.9768 -1.9514
8 -1.9367 1.347 25 1.0032 0.0382
3 -1.0731 -0,284 26 0.4554 -0.4183
9 -2,2851 2,823 26 0.7779 -0,3300
9 0.0311 -2,822 27 0.6324 -0.6015
10 -0,3321 0.563 27 0.,7532 -0.1346
10 0.1412 -0,691 28 -0,1868 0,1920
11 0.6068 -0.475 28 -0.,0345 -0.1493
11 -0,2048 0,037 20 -0,2397 0.2690
12 -1.1603 1.688 29 0.,2549 -0, 4925
12 -0,5146 -0.253 30 -1.2062 1,2371
13 3.490 -3.550 30 -0,2399 -0.9408
13 1.730 1.212 31 -1.6251 1.5954
14 2,011 -2.022 31 -1.3074 -0, 2888
14 1.691 0,922 32 1.0383 -1.0361
15 1.050 -1.281 32 0,5853 0.4341
15 0,091 0,703 33 -0,1648 0,2045
16 1.020 -0,355 33 04332 -0.,5081
16 1.110 -0.322 34 -0.,9880 0.9534
17 (0,590 -0.170 34 -0.9934 0.0301
17 -0.156 0,015 35 0.9476 -0.9653
18 -1.652 1.185 35 0,2739 0.6570

Po vyloweni naSich ,podéelych bod“ z vypoctu parametr v modelu ,Kistalova koule*
ziskame vysledky uvedené v tab. 7.

Srovname-li hodnoty vygtenych parameirv piéipad kompletni mnoziny dat a mnoziny dat
s vylowtenymi podeielymi body, je vidt, Ze nyni piitok po povoleni svorky vice zavisi na
pritoku pred povolenim svorky a mnohem ndéma tlaku ped povolenim svorky. Vifpad
tlaku po povoleni svorky Ize ro¥h konstatovat, Ze se zvyraznil rozdil v zavislostipitoku

(niz8i nez pro kompletni data) a tlaku krve (vy38% pro kompletni data)ied povolenim
svorky na aott.
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Tab. 7. Odhadnuté parametry po vydeni podezelych ,outlieri* z datového souboru.

8 | -45.67
g | -19,17
£, 1,04
8, 0.50
B, 0.05
8, 1,24
LIMA-LAD L
20 17
0 =5 17
= 32
32 19
22,
=2 15 i
: 2 [
15 19 16
. B Mg 2_1
B s A d
| =1 16 1
| v IR I -
E‘ 28 . ) 23
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e
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wr ] 260
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Obr. 3. Fredpov¥zené a nadrené hodnoty tlaku krve aijfioku krve bypassem po povoleni
svorky na aod po vyloueni ,podezelych bod".
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Jiz na obr. 3, kde jsoudm ¢erverg vyznaieny odhady pirtoku a tlaku po povoleni svorky a
cerné odpovidajici nagiené hodnoty, je vidd, Ze se po vyloteni ,podezelych bodh*
zmenSila rezidua. Potvrzuje to i tabulka rezidui.

Tab. 8. Tabulka rezidui po vyléeni podezlych ,outlieri” z datového souboru.

1 Ay Aovyz 1 Awy g Avya 1 Ay Moy
1 -1.40 | -0.86 15 -5.96 1.50 26 -5.90 | -0,99
3 -5.74 | 0.83 16 -4.77 | -3.69 27 669 022
4 6.91] -1.50 17 -0,85 1,15 28 1.94| -1.19
5 2.00| -045 15 284 299 20 087 -1.60
W] 1.55 2.04 19 -1.79 5,79 30 0.54] -1.13
7 -5,27 1,73 20 2,00 -0,97 31 3.57 1.65
8 7.608| -1.15 21 260 213 32 -1.90 | -0.86
10 2,13 | -0.67 22 8,55 -2.76 33 0,70 | -2.34
11 -4.31 3.19 23 400| -3.29 34 2.42 1.95
12 348 098 24 1.35]| -0.04 35 086 004

2.4 Nalezeni ,leverage” bod v modelu ,K¥istalova koule*

V modelu ,Kfistalova koule* z kapitoly 1.2 — vztahy (2), (3) tobattanku budeme hledat
body, které nejvice ovliwiji vysledné odhadnuté hodnoty tlaku atpku krve.

Hledame maximum absolutnich hodnot derivaci wi@8) a (39), tedy maxima:

mn,z

0 |

A ARRD )

. |
7]

Pro naSe data bez vykeni podegelych ,outlield” ziskame vypoétem jako “leverage” pro
odhady pirtstka ou adv i parametit # bod s indexem 2.

Po vyloweni podeielych ,outliei” obdrzime jako “leverage” pro odhadyigistki ou adév
bod s indexem 17 a pro odhadrfistkii parametit  bod s indexem 30.

Zaver

Pouzijeme-li pro odhad tlaku atpoku krve po povoleni svorkyéhem CABG operace
klasicky linearni model ziskame mepiesné odhady nez viipadt modelu ,Kiistélove
koule®. Kdyz navic vylotdime podetelé ,outliery”, vysledné odhady se jéstice zgiesni. To
nads vede k hypotéze, Ze pacientiftvoekolik skupin, gicemzZz pomoci navrhovaného
algoritmu vyp@teme uéité hodnoty paramairpro jednu skupinu paciehta obecs odlisSné
hodnoty parametrpro jinou skupinu. Nespravnéiaaeni pacieritdo jiné skupiny by se tak
projevilo ve forn¢ ,outlierd”. Aby se tato hypotéza potvrdila, je zafmiti provest hlubsi
analyzu ¥tSiho souboru pacieinta zahrnout mezi zkoumané parametry ty, které biilyno
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pratok krve bypassemipd povolenim svorky a po povoleni svorky na @oxtliviiovat a tak
vytvaret vySe zmitné skupiny. Nabizi se zde rfaprocento stendzy v cilovém koronarnim
recisti, ejekeni frakce, FFT porr, pouzity Sép (LIMA, RIMA, SVG), doba dilatace, &b
jako pedikl/skelet apod. [2], [3], [12].

V této orientani etag vyzkumu byla pouzitd velmi zjednoduSena struktkoxariareni
matice. V dalSich etapach je nutno prozkoumat kawm&mi matici respektujici tiznost
disperzi u mteni piitoku krve a u réeni tlaku krve.

Numerické vysledky ziskané navrhovanou metodotistiélova koule® naznauji realnou

moznost pedpovidat hodnoty ptoku a tlaku krve po povoleni svorky na &orfred

uvedenim této metody do praxe je ipbhé jedt provéstiadu vypd@tu na rozsahlejSich
souborech dat.

Apendix: Model ,K ristalova koule*

Model vztahu mezi fitokem a tlakem v dabnalozené svorky na adr(LIMA-LAD |) a po
povoleni svorky (LIMA-LAD III) predpokladame ve tvaru (z¥eni, viz kapitola 1.1):

(4 R T P P P A P PO PRI V22 (4 JZ( ne | j (8)

2n,2n

pricemzE(() sphuje podminky:

EC)) (4 (5 ) E(x) ~
EOV() (2 HE) e .

PoznamkaE(() a Var() znai stredni hodnotu a varianci nahodného vektoru
A.1 Odhad parametra modelu

Ulohou je na zaklad namsétenych dat odhadnout hodnoty pararetmodelu tzn.
M1 LU1,20 - Un it n2 V 1,5,V 1,2 nl ¥V n2 @ zejméne)Bl,...,B 65 pfléemi pro odhadnutelnost
parametii musi byt péet pozorovani plus get podminek vzdya&tsi nez poet parametr, tj.

v naSem fipact 4n+2n>4n+6, protoZe nmifime 4 parametry u kazdého pacientargSeni
ukolu se pouzije linearizace modelu. Model je tatélinearni, neltb se v #m objevuji
sowiny parameti g au . Po linearizaci pouzijeme odhadovacich algakiznmodelu pimého
neuplného r&eni vektorového parametru se systémem podminekvee kapitoly knihy
Statistika a metrologie [14] a z knihy Statistiocaddels with Linear Structures [15].

138 © 2006 EuroMISE s.r.o.



EJBI - European Journal for Biomedical Informatics EJBI 1/2006 (127 -1461)
www.ejbi.org J.Vrbkova et al.
Predpovéd pritoku krve bypassem pomoci statistickych metod

Po linearizaci ziskame model rtgpého ngreni neupliného vektorového parametru ve tvaru:

—0)

T T3,
0)

s [Thy (10)
. . . 2

¢l o~ LA

7 T3,
©)

7 (17,

L1

@1,2 Il (11)
b B, : B, 0,

[ [T

I
kde

als s e S e L
] = Ui(? 7o o D_(g) 70 5.(%) (12)

0 Ei(,g) 52(0) EEO) E(g) 79 9

ale JE e SO L

MaticeB; je typu 2nx4n a ma nasledujici tvar (svisi@ia oddluje prvnich 2n sloupg:

/oo 0 0 o0 0 0 0i10 0 00 0 0 O

o 0 0 o0 0 0 0i0 L0 0O 0 0 O

0 0 M /2 o0 0 0 0/0 0 D1 0 O 0 0 O

0 0 O @ o 0 0 010 0 0 (1 0 0 0 0 (13)
|
|

0 0 0 O 2o 0 0 01 0

0O 0 0 O 90 0o 00 0 0 M
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MaticeB; je typu 2nx6 a ma tvar:

1 0 9 o7 0 0
0 1 0 oy 4
1.0 5 4 0 0 (14)
0 1 0 5
1 % 0o
1 0 42 o

Odhad parameirou;j, ovij , i=1,2,...,n, j=1,2adf;, i=1,2,...,6ziskame minimalizaci funkce:

~£0) ~£0)
Ll,l El.l Ll,l El,l (15)
0Ty, 17,0 o)+ o) ¢o| oo
JO )\ o 9 )\ o
n,2 n,2 n,2 n,2

pii splnéni podminek (11).

Reseni, po zdlouhavém vyita, dostavame ve tvaru:

=

NS

N

I

ZB,B,B, BB, BB, BB, B, B, BB, BB "B, "B,BB, BB, "B (16)

5855 .-

N

=

55 .-

T T T T Ty (BYB,BY B,B,TB, 'BiIB,BL B,B, B2 (17)
kde
Z0 bgDEff’,leﬁ/Lg),...,xn[E:?,yn[Jfg),Z{DJf?),ClDJS),...,CnDJ:?,J DJH‘?Z)L

n

(18)
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TotofeSeni povazujeme za vysledek prvniho deitao kroku, tzn.:

A A

)] —0) (1) ~—(0)
Ly Lhq jl,l =) ) [14

: : : (19)
A @) ~(0) - ) ~(0) .
Jn,Z Ln,Z In,Z J6 L6 Iﬁ
a v dalSim iterénim kroku pouZzijeme namisto vekior
{0 0j 1) AL
Hia ;31( /E‘é,l A
oL ¢ | vektory : | %
{0] 0j 1 AL
Vyd fir Va2 korig. s
Vysledné odhady Ize tedy zapsat ve tvaru (kde Kizaou iteraci):
oy o0
k KL k Akk) Ak ak)y e
ne oGy oy o 0%
(20)

RO SN T i=1,2,...,6

kde 89, A9 i=1,2,...n, j=1,2 a ﬁ"}ﬂ), i=1,2,...,6 jsou odhady paramétry a g
z predchozi iterace.

Vektor Z® v k-tém iter&nim kroku vypada takto:
b T . . Cwn o a
200 qr oD,y P63 L 008D,y (06D GRS ks e el (21)

Pri iteranim vypatu se odhady paramétw koriguji pomoci vztam, které vychazeji ze
snahy minimalizovat vliv nelinearity:

I CINS O ORI ORI

e S i=1,2,..,n, k=0,1,2... (22)
C_Kk) . K jk)ﬁk) Iy ﬁ(k)
i,2,korig. 2 5 il 6 i,2

Pro nultou (poateni) iteraci se voli

gi(g) X, gi(g) Y, proi=1,2,...,n (23)
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a parametry;;?, i=1,2,...,n, j=1,2a5©, i=1,2,...,.6 se vypaitaji z rovnic sestavenych prb t
body lezici v rovii Xy na okraji pole, tj. pro jisté seadnice:

(xﬂ],(xu}(xﬁ] a jim odpovidajici body [éﬂ}(é J(é J
Fivs Vit Wiz T/ ) s

Pro tyto body budeme pozadovat, aby byla&pnsoustava rovnic:

10 % Y 0 0V (4
01 0 0 % VY& |k
10 %, v, 0 0] q, (24)
01 0 0 X, Yol 42| |
10 % ¥ O OO0 |/
01 0 0 % Y\ Ui

ReSenim této soustavy jsou parameir{’, i=1,2,...,6,s jejichz pomoci se vyp@aji nulté
iterace parameirv;;©, i=1,2,...,n, j=1,2na zéklad vztah:

2 Qe e e e 29)

" ' ' i=1,2,...n

(0) 0) (0) 0) (0) ~0)
L 15 Le iy e g

piicemz parametry;; %, i=1,2,...,n, j=1,2se voli takto:
Yo% a9y (26)

lteracni vypaiet zastavime, kdyz lze odhadyirgstki Juij, ovij, 1=1,2,...,n, j=1,2a if;,
i=1,2,...,6 zanedbat, tj. plati podminka pro ukeni iter&niho vypa&tu:

A A
L UL korig,

00 0 12,..,n0j 12, (27)
kdee je predem dana konstanta.
Volbou i1=14, i2=17, i3=18 pro vypa@et nulté iterace a konstanty0,1 ziskame pro nase

data po Sesti itetaich krocich pro hledané parameify numerické vysledky uvedené
v tabulce 4.
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Kovariartni matice pro tyto parametry se vyp® dle nasledujiciho vzorce:

A
o
Var| 2| 2[B,iB,B, 8,8,78, 7 11 (28)
Ha
s
L%
kde
/ArZ V\lvl V2V2 (29)
64
pricemz
64 = p@et meteni (140) + peet podminek (70) - get parametr (140+6)
a
X, [0,
V n ’_‘ A/I’l
V2 L4 [] N1
0,00,

Pro naSe data vypada numericky vysledek takto:

& = 4652034,
a 539.914 225030 -0.840 -7.528 -0350 -3.137
A | 1225030 326432 -0350 -3137 -0.508 -4.551
2 ,53 _| -0840  -0350 0008 0005 0003 0.002 |
&, -7.528  -3137 0005 0110 0002  0.046
& -0.350  -0508 0003 0002 0005 0.003
& -3.137  -4.551 0002 0046 0003  0.066
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A.2 Nalezeni odlehlych (,outlier*) bodi v modelu ,K¥istalova koule*

Jakmile je iteréni proces zastaven (v k-tém kroku), potom pro reddor reziduiZ ze vztahu
(21) ukite plati:

X IO (% X
2 v, ynu“ﬁkz) Yy . I O\ j® Ya . I OYpk® §a®
v, /1Mﬁ$) g 0 1 )ly® ] 0 I ) y&0 §3®
n OO 7 z,
X
opkn (31)
Yn 0
q
: I ‘V(k 1)

Jz€ B BB, BB, BB, B,8,"B,B,B,B, BB, "B, B, BB, B,B, "Bz,

Dosadime-li misto prvnih&lenu vyrazu na posledniradku vektorZ z posledni iterace, pak
se cely vyraz da upravit na vysledny tvar:

(\\/'1] B,B,B, B,B,* BB, BB, 'B,B,BB, BB, '8, BBB, BB, "Bz (32)

2

Potom, oznéme-li
T BB, B,B, BBl B,8,"B,B,B,B8, B8, "8, 'B,B,B, BB, (33)

muzeme psat:

v, 2 Var(v,) cov(v,,V,) o[ Qu Qi
Va{vj BIBETE, [cov(vz,vl) Var(v,) ] N (Qn sz 59
Pro kazdé=1,2,...,2nvypciitame vyrazy:
v Var(v))s v /P Qu,
(35)

Lo,/ Var () [0,
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A.3 Nalezeni ,leverage” bodi v modelu ,K¥istalova koule*

Jakmile je iteraéni proces zastaven (v k-tém kroku), pouzijeme roemiro pirastky

35

=
N

=

[N

Z(k)DB;ﬁBpr Bng]lepr BzB;Dle%g—iBpr Bng:le[ntrBpr Bng?%lz(k) (36)

BABE .

N

s

55

N

T sl TBLIB,BY B,BLIMB,. BLIB,BL B,B,B,Zz® (37)

které gepiSeme do tvaru:

mz® .
. (38)

10B.BB, BB, BB, BB, "B, B,B,B, B8, "B, 'B,B,B, B,8;B,2Y

(39)
jl-IZZ(k) EIA/]_!I’\/Z!I’\S!I’\mIA/S!I’\/G[[ j[B;lep BZB;leZ[lB;]BIBp BZnglBl{Z(k)
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