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ABSTRACT

PREDICTING RISK OF MORTALITY IN PATIENTS
UNDERGOING CARDIOVASCULAR SURGERY

Aysen Tunca
M.S. in Computer Engineering
Supervisor: Prof. Dr. Halil Altay Glivenir
September, 2008

It is very important to inform the patients and their relatives about the risk
of mortality before a cardiovascular operation. For this respect, a model called
EuroSCORE (The European System for Cardiac Operative Risk Evaluation) has
been developed by European cardiovascular surgeons. This system gives the risk
of mortality during or 30 days after the operation, based on the values of some
parameters measured before the operation. The model used by EuroSCORE
has been developed by statistical data gathered from large number of operations

performed in Europe.

Even though due to the surgical techniques that have been developed recently
and the risk of mortality has been reduced in a large extent, predicting that
risk as accurately as possible is still primary concern for the patients and their
relatives in cardiovascular operations. The risk of operation also essentially tells
the surgeon how a patient with similar comorbidity would be expected to fare
based on a standard care. The risk of patient is also important for the health
insurance companies, both public or private. In the context of this project, a
model that can be used for mortality is developed.

In this research project, a database system for storing data about cardiovas-
cular operations performed in Turkish hospitals, a web application for gathering
data, and a machine learning system on this database to learn a risk model,
similar to EuroSCORE, are developed. This thesis proposes a risk estimation
system for predicting the risk of mortality in patients undergoing cardiovascular
operations by maximizing the Area under the Receiver Operating Characteristic
(ROC) Curve (AUC).

When the genetic characteristics and life styles of Turkish patients are taken
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into consideration, it is highly probable that the mortality risks of Turkish pa-
tients may be different than European patients. This thesis also intends to inves-
tigate this issue.

Keywords: Machine learning, ROC, AUC, risk estimation, cardiovascular opera-

tion, data mining.



OZET

KALP VE DAMAR CERRAHISINDE OLUM RISKI
TAHMINI

Aysen Tunca
Bilgisayar Miihendisligi, Yiiksek Lisans
Tez Yoneticisi: Prof. Dr. Halil Altay Giivenir
Eyliil, 2008

Kalp damar cerrahisi kapsaminda yapilan ameliyatlarda oliim riskinin belir-
lenip hasta ve hasta yakinlarina ameliyat oncesinden bildirilmesi biiyiik onem arz
etmektedir. Bu amagla Avrupal aragtirmacilar tarafindan EuroSCORE (The
European System for Cardiac Operative Risk Evaluation) adinda bir sistem
geligtirilmigtir. Bu sistem ameliyat oncesi olciilen bazi parametreleri kullanarak
ameliyat sirasinda veya ameliyattan sonraki ilk 30 giin igerisinde hastanin 6liim
(mortality) riskini vermektedir. Bu model Avrupa’da yapilan ¢ok sayidaki ameliy-

atta kaydedilen bilgilerin istatistiksel olarak degerlendirilmesiyle olugturulmustur.

Giintimtizde cerrahi tekniklerinde geligmeler ve ameliyatlardaki oliim risk-
lerinde diigiis goriilmesine ragmen, hasta ve hasta yakinlari i¢in 6liim riskinin
bilinmesi hala daha biiylik 6nem tagimaktadir. Ayrica, hastanin oliim riskinin
bilinmesi devlet ve ozel saglik sigorta sirketleri icin gerekmektedir.

Bu arastirmada Tiirkiye’deki hastanelerde yapilan kalp-damar ameliyat-
larinda olciilen parametrelerin kaydedilebilecegi bir veri tabani ve bu kayitlar
tizerinde makine 6grenmesi ¢aligmalari ile EuroSCORE’a benzer bir risk belirleme
modelinin ogrenilecegi bir sistem gelistirilmigtir. Bu aragtirmada, ozniteliklerin
ROC alan1 risk hesaplanmasinda ozniteliklerin agirhg: olarak kullanilmaktadir.
Bu sekilde, tiim ROC alanin1i maksimum hale getirerek daha iyi bir oznitelik

tabanli makine 6grenmesi ve risk tahmin modeli gelistirilmigtir.

Hastalarin genetik ozellikleri ve yagam tarzlar1 goz oniine alindiginda, Tiirk
hastalarin kalp-damar ameliyatlarindaki 6liim risklerinin Avrupali hastalardan
farkli olmasi kuvvetle muhtemeldir. Bu ¢aligsmada, bu farklilik aragtirilmigtir.

Anahtar sozcikler: Makine 6grenmesi, ROC, ROC alani, ameliyat risk faktorleri,
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kardiyovaskiiler operasyon, veri madenciligi.
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Chapter 1

Introduction

In every aspect of human being life, we live in an expanding universe of data in
which there is too much data and too little information. The quantity of data
in the Internet and the world roughly doubles every year, and as a somewhat
surprising consequence, the amount of information decreases rapidly. Not only
the availability of data that is vital but also the ability to interpret this data is the
main focus by computer scientists today. The development of new techniques to
find precious knowledge under a huge amount of data is one of the main challenges

for computer scientists.

The unbridled growth of data will inevitably lead to a situation in which it
is increasingly difficult to access the desired information; it will always be like
looking for a needle in a haystack, only the amount of hay will be growing all the

time.

The ability to learn is inherent in living things; even relatively simple organ-
isms like plants have this capacity. Plants learn to maximize the amount of light
they receive by turning their leaves towards the sun; this is an elementary form
of adaptation to the environment. This capacity to learn seems to be an essential
characteristic of life itself. Machine learning led a hidden life in universities and

research centers.
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Some tasks are extremely hard to solve with computers, and can be relatively
easily solved by experienced people, for example to recognize a friend. On the
other hand, some tasks are like a piece of cake for computers to accomplish in a
short amount of time than for humans, for example some complex mathematical
problems. Experts seem to be able to learn how to deal with complexities from

experience. Attention turned to the construction of learning algorithms [3, 5, 60].

An intelligent expert system can be constructed by putting all the rules that
were used by the expert to the system. Collecting the information to put in
an expert system involved a painstaking and expensive process of interviewing
relevant experts. Machine learning algorithms could generate the rules automat-
ically. Instead of interviewing experts it appeared that we might be able to build

systems that could learn from experience.

Michalski et al. have defined learning as “A computer program is said to learn
from experience E with respect to some class of tasks T and performance measure
P, if its performance at tasks in T, as measured by P, improves with experience
E”. Witten and Frank defined learning as “things learn when they change their

behavior in a way that makes them perform better in the future” [60].

Application of machine learning method to large databases is called data
mining. It is well known, in mining, enormous quantities of debris have to be
removed before diamonds or gold can be found. In finance, banks analyze their
past data to build models to use in credit applications, fraud detection, and stock
marketing. In manufacturing, the learning models are used for optimization,
control, and troubleshooting. In medicine, learning models are used for medical
diagnosis. Machine learning is not just a database problem; it is also a part of
artificial intelligence. To be intelligent, a system that is in a changing environment
should have the ability to learn [3, 5, 10].

Machine Learning is programming the computers to optimize a performance
criterion using example data or past experience. We have a model defined up
to some parameters, and learning is the execution of a computer program to
optimize the parameters of the model using the training data or past experience.

The model may be predictive to make predictions in the future, or descriptive to



CHAPTER 1. INTRODUCTION 3

gain knowledge from data, or both.

Machine learning is the study of computer algorithms that improve auto-
matically from experience. Machine learning has wide spectrum of applications
including natural language processing, pattern recognition, medical diagnosis,

computer vision, bioinformatics, and robotics.

Michalski et al. organize Machine Learning approaches into a taxonomy, based

on the learning strategies :

e Rote learning or learning by being programmed consists of just recording

the different objects supplied by an expert.

e Learning by instruction is learning by being told some new knowledge from

an external source.

e Inductive learning is accomplished by reasoning from externally supplied

examples to produce more general descriptions.

e Learning by observation is learning by observing the environment and mak-

ing discoveries.

In machine learning literature, the inductive learning is heavily studied. In-
ductive learning methods extract rules and patterns out of massive data sets. In-
ductive Machine Learning algorithms can be divided into a number of categories
differently in literature. Generally, Machine Learning algorithms are organized

into a taxonomy, based on the desired output of the algorithm:

e Supervised learning algorithms generate a function from training data to

map the inputs to desired outputs.

e Unsupervised learning algorithms model a set of input data. (labeled ex-

amples are not included)

e Semi-supervised learning algorithms generate a function or classifier from

both labeled and unlabel data.
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e Reinforcement algorithms assess the goodness of policies and learn from
past good action sequences to be able to generate a policy of how to act

given an observation of the world.

e Transduction algorithms are similar to supervised learning, but they do
not explicitly construct a function: instead, they try to predict new out-
puts based on training inputs, training outputs, and test inputs which are

available while training.

e Learning to learn algorithms learn its own inductive bias based on previous

experience.

Supervised learning is also known as classification. Training data include
instances with labeled class. Supervised learning techniques learn a classification
rule from training data to correctly predict the class of a new instance. In this
thesis, for example, the training data are the preoperative parameters of patients
underwent a cardiovascular surgery, with actual (labeled) class of each patient
(Dead or Alive). The goal of the learning system is to obtain a set of rules to

correctly predict the mortality risk of a new patient after cardiovascular surgery

(60, 61].

Machine learning is also called concept learning. There are two types of
concept learning: single concept learning and multi-concept learning. According
to our study, we have both dead and alive patients after the surgery. In single
concept learning, the system learns a set of rules to predict only a single concept
(class)- only dead class. In multi-concept learning systems, it learns a set of rules

for both of the concepts. In this thesis, multi-concept learning system is used.

A wide range of multi-concept systems have been developed to predict mu-
tually disjoint classes, such as Decision Trees [70, 71|, Bayesian Classifiers
[15, 16, 26|, Instance-based learning algorithms [4], and Nearest Neighbor [13, 15].

This thesis proposes a multi-concept learning algorithm called, Risk Estima-
tion by Maximizing the Area under ROC Curve (REMARC). The previously

developed related algorithms have achieved success in a wide range of real world
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problem domains [31, 32, 34, 36]. They are robust algorithms to irrelevant features
and missing feature values, which are problems for other inductive and supervised

learning models such as decision trees, and nearest neighbor algorithms.

This thesis proposes a risk estimation technique by maximizing the area under
the Receiver Operating Characteristic (ROC) Curve of the algorithm. The Risk
Estimation by Maximizing the Area under ROC curve (REMARC) algorithm is
non-incremental risk learning algorithm that learns the risk of a test instance
from preclassified instances in training set. Risk estimation of the test instance
is done by risk estimation scheme where feature-value rules distribute their risk

among classes.

Hang and Ling gave formal definitions of discriminancy and consistency in
comparing evaluation measures for learning algorithms. The Accuracy and Area
under the ROC Curve (AUC) are the two measures that are compared in their
studies. They establish precise and objective criteria for comparing these two
measures in general and show, both empirically and formally, that AUC is better

measure than accuracy [49, 50].

The predictive ability (performance) of REMARC algorithm is measured by
its area under the ROC curve (AUC). The heuristic in REMARC algorithm comes
by the light and objective of maximizing the overall area under the ROC curve
of the algorithm. That is to say, the aim is to maximize the performance of
the algorithm. For this respect, if we measure and compare the performance of
algorithms in terms of their Area under the receiver operating characteristic curve
(AUC), the discriminative ability (weight) of each feature can be used as a weight
in addition to rule’s predicted risks. The feature’s AUC over the testing instances
is used to strengthen the feature’s risk to overall risk of that test instance. High
quality features, that have more discriminative ability, would have more effect on
the overall predicted risk of a test instance to maximize the overall performance

of the algorithm.

Since the multi-concept learning systems have a wide range of application
areas in real-world problems, the system proposed in this thesis will evaluate a

real patient data set in our project-TurkoSCORE.
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1.1 Motivation

The first question that occurs in cardiac surgery patient’s mind is “Am I going
to die?”. Sometimes giving realistic mortality risk is more trustworthy answer
from patient’s point of view than explaining the complications of the surgery. It
is very important to inform the patient and his/her relatives about the risk of
mortality before a cardiovascular surgery. Also, the risk of patient essentially
tells the surgeon how a patient with a similar comorbidity would be expected to

fare based on a national standard care.

It would be misleading to make a decision about the quality of care of hospi-
tals and success of surgeries by looking only at crude mortality. In fact, the high
risk patients underwent a surgery over medical treatment have higher percentage
mortality. Nowadays, the mortality information is no longer sufficient for assess-
ing the quality of care of hospitals or surgeries. It would also be fallacious to
call an operation as success, if morbidity and poor long-term occurred after the

surgery [59, 76, 77].

There are many reasons for predicting the risk of mortality in groups of cardiac
patients. These range from helping determine the indication of surgery and proper
informed consent to allowing quality monitoring of surgeons and institutions.
The predictions have obvious applications in patient’s counseling and medical
decision-making for individual risk assessment. The predictions are also valuable
for assessing if a surgical care is in keeping with an accepted norm. Operative
mortality is a good measure of quality of a cardiac surgical care, as long as patient
risk factors are taken into consideration. Therefore, a lot of machine learning
models have been proposed all over the world to predict the mortality risks for

patients undergoing cardiovascular surgery [47, 48, 62, 67, 69, 73, 75, 82, 83].

At Cardiovascular Surgery departments in Turkey, EuroSCORE method cal-
culates the predicted mortality for patients [62]. In EuroSCORE, nearly 20 thou-
sand consecutive patients from 128 hospitals in eight European countries were
studied. Validation of EuroSCORE model in other countries have been analyzed.

When the outcomes of these surgical operations were analyzed epidemiologically,
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crucial differences across the nations were observed [86]. Some studies were done
to assess the performance of EuroSCORE model in some other countries out of
Europe. As a result of these analysis, the EuroSCORE model of risk prediction
was not validated in the present population of cardiac surgical patients in some
populations. The claim of this thesis is, since the characteristic and life styles
of Turkish people taken into consideration, EuroSCORE may not be validated
in our population. Also, since the EuroSCORE system learns a model using a
data set occurred before the year 2000, afterwards, considerable improvements
achieved in surgical techniques and applied medical treatment protocols. So, a

scoring system special to Turkish population is essential in Turkey.

This thesis proposed a machine learning algorithm, called Risk Estimation
by Maximizing the Area under the ROC Curve (REMARC), to construct a risk
estimation system for the prediction of early mortality in patients undergoing

cardiovascular surgeries on the basis of objective risk factors by using national

TurkoSCORE data set.

1.2 Overview

Chapter 1 provided a broad introduction to the area of machine learning and gave
a brief information about the proposed thesis. Motivation section was written for

warming up to the subject.

Chapter 2 describes the background information. The main aim of this chapter
is to give literature summary of the learning algorithm and some definitions about

the proposed thesis.

Chapter 3 presents the most broadly used scoring system in Europe, called
EuroSCORE. This chapter gives detailed information about this scoring system,
which will be compared in terms of performance with REMARC algorithm.

Chapter 4 presents an extensive explanation of the TurkoSCORE project and
the proposed algorithm.
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Chapter 5 will demonstrate the experiments of the proposed algorithm eval-

uated and the results of its application to the dataset of the project.

Chapter 6 will conclude the thesis by indicating the contributions of the thesis,

outcome of the experiments, and outlines the future work on this subject.



Chapter 2

Background

This chapter provides general literature summary and some definitions needed
to understand the concepts in rest of the following chapters. Literature sum-
mary section explains early stages in study of risk estimation and classifying.
The other section presents general information about cardiovascular surgeries.
Receiver Operating Characteristic (ROC) section explicates how area under the
curve calculation performed and how ROC curves are drawn, and why the Area

Under ROC Curve (AUC) is chosen as a performance measure.

2.1 Literature Summary

The study of risk classifying in patients undergoing a medical treatment began at
the beginning of 19th century. It is first attributed to Briton Florance Nightin-
gale, who made major contributions to the statistical analysis of postoperative
complications, morbidity, and mortality. It is hardly surprising that, the percent-
age of mortality in patients treated in hospitals was towering than the patients
treated outside of hospitals. Her studies showed that the outcomes of surgeries
could be changed from one hospital to another. She concluded her analysis by the

percentage of mortality could also vary through patients having different stage of
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the same illness. This analysis was known as the first example of risk degree anal-
ysis. Nightingale made unforgettable efforts to improve the hospital care service
in London [56, 63, 80].

At the beginning of 1900s, increasing quality in medicine began with the
challenges in the quality of medical education. Major changes made in medical
education after an extensive on-site analysis of medical school in the USA and
Canada. As a consequence of these analyses, a drastic decrease in the number
of medical schools occurred. Also, the remaining medical schools were affiliated
with the universities and became an academic educational enterprise, a situation
that remains to this day [9, 24, 25, 54, 78].

Ernest Avery Codman created a form of anesthesia chart which is used even
today. He undertook the idea of systematic follow-up of surgical patients. He
created his own “End Result Hospital” in Boston, Massachusetts. In this hospital,
every patient’s end results, diagnosis errors, and treatments were followed even

years after and reported annually [11].

There are many reasons for predicting the risk of mortality in groups of car-
diac patients. These range from helping determine the indication for surgery and
proper informed consent to allowing quality monitoring for surgeons and insti-
tutions. It is very significant to inform the patients undergoing cardiovascular
surgery and their relatives about the risk of mortality before the operation. For
this respect, in the USA and Europe, a lot of data mining systems for determin-
ing the risk factors in patients undergoing cardiovascular operations have been
developed and applied in some clinics. APACHE III [55], Pennsylvania [81], New
York’s Cardiac Surgery Reporting System [38, 39, 40, 41, 42, 43, 44, 45, 46], So-
ciety of Thoracic Surgeons National Database [18, 47], Veterans Affairs [37], Par-
sonnet [67], Provincial Adult Cardiac Care Network of Ontario, Canada [83, 84,
Northern New England Cardiovascular Disease Study Group [14, 64, 65, 66],
Cleveland clinical severity score [20, 48], and EuroSCORE [62] are some exam-

ples of risk classification studies.

Much disparity subjected between the clinical parameters that increase the

national source utilization and the parameters that affect mortality. In previous
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studies, it is shown that the variables special to the cardiac disease (recent my-
ocardial infarct, left ventricular dysfunction, hemodynamic instability) are the
factors affecting the hospital mortality. On the other hand, it is observed that
the external factors other than the cardiac disease (extracardiac arteriopathy,
chronic pulmonary disease) affect the national source utilization such as the hos-

pital staying duration, and hospital expenses [22, 23, 72].

There are many machine learning techniques used to predict the risk factors
in cardiovascular surgery [1, 6, 8, 12, 17, 27, 28, 29, 48, 51, 53, 52, 57, 58, 62,
67, 68, 69, 73, 74, 82, 83, 85]. These studies were about predicting the risk of
disease without concerning the operational risks. Magovern and his colleagues
proposed univariate logistic regression analysis model that predicts the mortality
and morbidity only after the coronary artery bypass graft surgery [58]. Also,
Biagioli and his colleagues proposed a multivariate Bayesian model for assessing
morbidity after coronary artery surgery by using 88 operation risk factors [7].

Both of the models are not suitable to be examined by experts.

The previously developed related algorithms acquire knowledge by obtaining
a set of rules after training process [31, 35, 36]. These algorithms learn robust

model, and have achieved success in a wide range of medicine problem domains
(30, 32, 33, 34].

The algorithm of this thesis, REMARC (for Risk Estimation by Maximizing
the Area under the ROC Curve) algorithm, is a risk estimation algorithm by

maximizing the area under the receiver operating characteristic (ROC) curve.

2.2 Cardiac Surgery

Cardiac surgery is surgery on the heart and/or great vessels performed by a
cardiac surgeon. Frequently, it is done to treat complications of ischemic heart
disease (for example, coronary artery bypass grafting), correct congenital heart
disease, or treat valvular heart disease created by various causes including endo-

carditis. It also includes heart transplantation.
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When a patient applies or is directed by cardiologist to a cardiovascular
surgery department, the primary procedure is to collect the preoperative data
about patient’s clinical symptoms. Preoperative data include identity, complete
history recalled and recounted by a patient, physical examination, angiography
and echography, the preoperative medication, laboratory analysis, and some gen-

eral operational.

After the surgery has been carried out, the surgeon takes operative records
down including operational procedures done during surgery, surgery crew list, and
perfusion data. All data including intensive care unit, complication, laboratory
test, medication while discharging from the hospital, and follow-up are some of

the postoperative data recorded procedurally for each cardiac patient.

Mortality is the condition of being mortal, or susceptible to death. Mortality
data are initially noted immediately after the performed surgery and continuously

followed up in specific intervals.

2.3 Receiver operating characteristic

A ROC graph is a technique for visualizing, organizing, and selecting classifiers
based on their performance. In signal detection theory, ROC has been used as a
graphical plot of sensitivity versus (1 - specificity) since 1975 [19]. Spackman was
the earliest scientist who demonstrated the value of ROC curves in evaluating

and comparing algorithms in machine learning field [79].

2.3.1 Classifier Performance

We begin by considering a two-class prediction problem, in which the outcomes
are labeled either as positive (p) or negative (n). A classification model is mapping
from instances to predicted classes (p,n). The classifier result can be a continuous
value (probability, score) to which different thresholds may be applied to predict

class membership. Other classifiers can predict discrete class label indicating one
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of the classes.

Given a classifier and an instance, there are four possible outcomes. If the
instance is positive and the outcome of the classifier is positive, it is classified as
true positive (TP); if it is classified as negative, it is counted as false negative
(FN). If the instance is negative and it is classified as negative, it is counted as

true negative (TN); if it is classified as positive, it is counted as false positive

(FP).

Given a classifier and a set of test set with P positive and N negative in-
stances, a two-by-two confusion matrix or contingency matrix can be constructed

representing the disposition of the set of instances, as follows :

actual value

e} n total
, True False
P Positive Positive
prediction
outcome
- False True
Megative Megative
total F M

Figure 2.1: Confusion matrix

In Figure 2.1 [2], the numbers in diagonal represent the correct predictions,
and the numbers off the diagonal represent the errors. The true positive rate

(also called TPR, recall, hit rate, sensitivity) of a classifier is estimated as :

TP

true positive rate = —
P P

The false positive rate (also called FPR, false alarm rate, (1 - specificity)) of
the classifier is estimated as :
FpP

alse positive rate = —
Jalse p ¥
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2.3.2 ROC space
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Figure 2.2: The ROC space and plots of four classifier example

ROC graphs are two-dimensional graphs in which TP rate (sensitivity) is plot-
ted on the Y axis and FP rate (1- specificity) is plotted on the X axis, which de-
picts relative trade-offs between true positive (benefits) and false positive (costs).
Each prediction result or one instance of a confusion matrix corresponds to a

single point in ROC space.

In Figure 2.2 [2], all classifiers are discrete classifiers. The point (0, 1) rep-
resents a perfect classification. It represents a classifier that found all true posi-
tives and no false positives. A random guess classifier would give a point along
a diagonal line, no-discrimination line. Points above the diagonal indicate good
classifiers, while points below the line indicate bad classifiers. Informally, one
point in ROC space is better than another if it is to the northwest of the first
[21].
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In Figure 2.2, Classifier B predicts random guess, actually it has no informa-
tion. Classifier A is a good classifier, while classifier C is a bad classifier. Any
classifier that produces a point below the diagonal line can be negated to produce
a point above the diagonal line. Negating a classifier simply means reversing its

classification decisions on every instance, as shown in Classier C’.

Inputs: L, the set of test examples; f(i), the probabilistic classifier’s estimate
that example i is positive; P and N, the number of positive and negative
examples.
Outputs: R, a list of ROC points increasing by fp rate.
Require: P>0and N =0

1: L.yrteq — L sorted decreasing by f scores
2: FP—TP 0
R — )
Sprev +— —00
i—1
while i < |L ppteq| do

it f(i) # fprew then

push (‘L\ %) onto K
Fovei— £10)

10:  end if
11:  if Leorteali] Is a positive example then
12: TP —TP+1
13:  else /* 11s a negative example */
14: FP—TFP+1
15 end if
16: i—i+1
17: end while
18: push (% ]},—F) onto R /* Thisis (1,1) */
19: end

b

e s

©°

Figure 2.3: Efficient method for generating ROC points

2.3.3 Curves in ROC space

The outcome of discrete classifiers are only the class labels, positive or negative.
When a set is given to such classifiers, the result will be a single confusion matrix,
which corresponds to a single point in ROC space. The other classifiers produce
rank or score as outcome. For these classifiers, a predefined threshold can be used
to produce a discrete classifier. For instance, if the score or probability is above or
equal to the threshold, it can be classified as positive instance, otherwise classified
as negative instance. Then, confusion matrix can be obtained corresponding a
single point in ROC space. Different threshold values correspond to a different

point in ROC space. A ROC curve can be imaginally drawn by varying a threshold
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from —oo to +o00. The algorithm to generate an efficient ROC curve is detailed
in Figure 2.3 [2, 21].

ROC curve compares the classifiers’ performance across the entire range of
class distributions and error costs. In Figure 2.4, B seems to dominate the A.
But it can be observed that B is not dominating A in the whole range. In those
situation, the area under the ROC curve is a good summary for comparing the

two ROC curves.

2.3.4 Area under a ROC curve (AUC)

A ROC curve is two-dimensional depiction of classifier performance. ROC per-
formance can be represented by a single point to compare the performance of
different classifiers. The area under the ROC curve (AUC) has been used in
medical diagnosis since the 1970s. It has been proposed as an alternative single-
number measure for evaluating the predictive ability of learning algorithms. AUC
is equal to the probability that a classifier will rank a randomly chosen positive

instance higher than a randomly chosen negative instance [49, 50, 21].

True Positive rate

0 0.2 0.4 0.6 0.8 1.0
False Positive rate

Figure 2.4: Area under two ROC curves

Figure 2.4 shows the area under two ROC curves, A and B. Classifier B has

a greater area and therefore a better average performance.



CHAPTER 2. BACKGROUND 17

2.3.5 AUC versus Accuracy

The predictive ability of a classification algorithm is measured by its predictive
accuracy on the testing examples. However, the outcome of most classifiers can
be probability or score of the class prediction. This information is completely

ignored in accuracy.

In many data mining applications, accuracy is not enough; for instance, when
ranking information of a test instance is needed instead of a mere class label. A
perfect ranking result would be possible if there is a true ranking of the training
set. This can be achieved by a ROC curve. The AUC provides a good measure

for the performance of ROC curves.

The studies based on comparing two measures, AUC and accuracy, in general
have been done. Hang and Ling [49, 50] gave formal definitions of discriminancy
and consistency in comparing evaluation measures for learning algorithm. They
establish precise and objective criteria for comparing two measures in general and
show, both empirically and formally, that AUC is a better measure than accuracy.

Thus, in this thesis, for evaluating the learning algorithm AUC has been used.



Chapter 3

EuroSCORE

This chapter presents the commonly used scoring system in Europe and Turkey,
which is called EuroSCORE. Firstly, general information about the system will be
given, the information about how the analysis have been done for determining risk
factors and how the overall risk is calculated. In following sections, an analysis
of EuroSCORE system has been performed on TurkoSCORE dataset to observe
the validation of EuroSCORE on Turkish population. Demographic, calibration

and discrimination results are all provided.

3.1 European System for Cardiac Operation

Risk Evaluation

It would be misleading to make a decision about the quality of care of hospitals
and success of surgeries by looking only at crude mortality. In fact, the high
risk patients underwent a surgery over medical treatment have higher percentage
mortality [59]. Nowadays, the mortality information is no longer sufficient for
assessing the quality of care of hospitals or surgeries. It would also be fallacious
to call an operation as success, if morbidity and poor long-term occurred after
the surgery [76, 77].

18
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Many of the cardiac risk factors studies have derived in North American pa-
tient population. In Europe, a model called EuroSCORE (The European System
for Cardiac Operative Risk Evaluation) has been developed and commonly used
by European cardiovascular surgeons. This system calculates the predicted op-
erative risk of patients undergoing cardiac surgery during or 30-days after the
surgery, based on the values of some parameters measured before the operation.
The risk factors obtained in this study includes 68 preoperative and 29 opera-
tive parameters by the light and analysis of previous risk factors used in North
American and European risk model studies. Most likely risk factors to be useful
were identified by consultant cardiac surgeons. Although the risk factors selected
for evaluation were largely similar to those in other American studies, when-
ever possible the definitions are simplified in EuroSCORE. The model used by
EuroSCORE developed by data gathered from nearly 20 thousand consecutive
patients from 128 hospitals in eight European countries (Germany, France, UK,
Italy, Spain, Finland, Sweden, Switzerland) [62].

After some analysis and assessment of the performance of the effects of these
potential preoperative and operative risk factors on EuroSCORE project data
set, improvement of the performance of the model is obtained by the elimination
of factors one at a time. Overall seventeen risk factors were found to be useful
for calculating the predicted operative risk of patient underwent cardiac surgery.
Definitions of each factor are detailed in Figure C.1, Appendix C. For the scor-
ing system, these risk factors were weighted. The score of the system can be
calculated in two different ways. First score is Additive (Standard) EuroSCORE
and the other one is Logistic EuroSCORE. Additive EuroSCORE was designed
to be a user-friendly scoring system, originally derived from a logistic regression
methodology. Initially, Additive EuroSCORE was used. But after some studies
on the validation of EuroSCORE system on other cardiac data sets in other Eu-
ropean countries, the deficiency of Additive EuroSCORE was noted. Although
calculation is simple, Additive EuroSCORE can sometimes underestimate in very

high risk patients. Consequently, the Logistic regression version of the system was
published [74].

Table 3.1 details the name, weights for Additive and coefficient for Logistic
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Table 3.1: EuroSCORE risk factors, their additive weights and beta coefficients

Factor Additive Logistic ; co-
weight efficient

Age 1 0.0666354
Sex(female) 1 0.3304052
Chronic pulmonary disease | 1 0.4931341
Extracardiac arteriopathy 2 0.6558917
Neurological  dysfunction | 2 0.8416260
disease

Previous cardiac surgery 3 1.0026250
Serum creatinine 2 0.6521653
Active endocarditis 3 1.1012650
Critical preoperative state | 3 0.9058132
Unstable angina 2 0.5677075
LV dysfunction(moderate) | 1 0.4191643
LV dysfunction(poor) 3 1.0944430
Recent myocardial infarct 2 0.5460218
Pulmonary hypertension 2 0.7676924
Emergency 2 0.7127953
Other than isolated CABG | 2 0.5420364
Surgery on thoracic aorta 3 1.1597870
Postinfarct septal rupture 4 1.4620090

EuroSCORE of each risk factor. Definition of risk factors can be scaned in Ap-
pendix C, Figure C.1. The Additive EuroSCORE, as it can be guessed from its
name, can be calculated simply as adding up the scoring of each existing risk
factor of each patient. Logistic EuroSCORE can be computed with the following

formula:
ebo +3 " Bixi

Predicted mortality = W
where,

e is natural number = 2.718281828

(o is the constant of the logistic regression equation = -4.789594.

(; is the coefficient of the variable y; in the logistic regression equation provided
in Table 3.1.

xi: = 1 if a categorical risk factor is present and 0 if it is absent.

For age, x; = 1 if age < 60 ; x; increases by one point for year thereafter. Hence
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for age 59 or less y; = 1, age 60 x; = 2, age 61 x; = 3, and so on.

EuroSCORE assumes that all the missing values of risk factors have been
determined. Not selecting a risk factor means that the risk factor is not observed

in the patient.

3.2 Validation of EuroSCORE on Turkish

dataset

The purpose of this analysis in this section is to evaluate the performance of
Additive and Logistic EuroSCORE in Turkish cardiac surgery by testing it on
the TurkoSCORE database.

The definitions of some of the risk variables were not identical in both Europe
and Turkey, so some adjustments or approximate assumptions were made to

enable complete analysis, listed in Figure C.2, Appendix C.

The Turkish and European patient populations were compared in demo-
graphic characteristics, incidence of surgical procedures performed, and preva-
lence of risk factors, detailed in Table 3.2. Statistical analysis was by t-test
for continuous variables and Chi square for categorical values. P values under
0.05 were considered as significant. The simple risk factors were then tested on
TurkoSCORE database. This enabled the performance analysis of both calibra-
tion and discrimination of EuroSCORE on the TurkoSCORE database.

3.2.1 Demographic results

The prevalence of risk factors in the two populations are detailed in Table 3.2. The
Turkish patients are younger in the dataset compared to the ones in EuroSCORE
database. Turkish patients have higher incidence of Chronic pulmoner disease
and Neurological dysfunction disease. Less patients in Turkish population have

extracardiac arteriopathy disease. Turkish patients were more than fourfold as
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Table 3.2: Prevalence of risk factors in TurkoSCORE and EuroSCORE popula-
tions

Risk Factor TurkoSCORE| EuroSCORE| p - value

prevalence prevalence

(%) (%)
Age mean 59.22 62.5 <0.0001
<60 47.4 33.2 <0.0001
60-64 16.7 17.8 0.067
65-69 16.1 20.7 <0.0001
70-74 12.5 17.9 <0.0001
75+ 7.3 9.6 <0.0001
Female 28.5 27.8 0.323
Chronic pulmonary disease | 15.7 3.9 <0.0001
Extracardiac arteriopathy 5.5 11.3 <0.0001
Neurological  dysfunction | 6.6 1.4 <0.0001
disease
Previous cardiac surgery 29.8 7.3 <0.0001
Serum creatinine 1 1.8 <0.0001
Active Endocarditis 0.1 1.1 <0.0001
Critical preoperative state | 0.1 4.1 <0.0001
Unstable angina 10.9 8 <0.0001
LV dysfunction Moderate 28.2 25.6 <0.0001
Poor 4.1 5.8 <0.0001
Recent MI 24 9.7 <0.0001
Pulmonary hypertension 1.1 2 <0.0001
Emergency 4.7 4.9 0.566
Other than isolated CABG | 16 36.4 <0.0001
Surgery on thoracic aorta 4 24 <0.0001
Postinfarc septal rupture 0.3 0.2 0.137

likely to have previous cardiac surgery. Turkish patients have lower incidence of
Serum creatinine, Active endocarditis, preoperative critical state and pulmonary
hypertension. Turkish patients were more likely to be labeled as having unstable
angina and LV dysfunction Moderate. Poor LV dysfunction were more likely
to be presented in Europeans than Turkish patients. More than twice Turkish
patients over Europeans had recent myocardial infarction within 90 days before
the surgery. Europeans were more likely to have surgery other than isolated
CABG and less likely to have surgery on thoracic aorta. All differences were

significant (p < 0.05) as depicted in Table 3.2. The similarities between two
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populations were seen only in the percentage of the patients age between 60-64,
the percentage of female patients, Emergency state of the surgery and postinfarc

septal rupture.

3.2.2 Discrimination and calibration

Table 3.3: Predicted and observed mortality by EuroSCORE risk level for whole
cohort

Patients Observed | Predicted
(deaths) mortality | mortality
rate
EuroSCORE Additive
0-3 (low risk) 2260(8) 0.35% 1.70%
4-6 (medium risk) 1687(22) 1.30% 4.96%
7 + (high risk) 1219(73) 5.99% 8.80%
Total 5166(103) | 1.99% 4.44%
EuroSCORE Logistic
Low risk 1722(4) 0.23% 0.82%
Medium risk 1722(21) | 1.22% 1.39%
High Risk 1722(78) | 4.53% 3.73%
Total 5166(103) | 1.99% 1.98%

Of the 5166 patients, there were 103 deaths, giving an overall mortality rate of
1.99%. The additive EuroSCORE model predicted a mortality rate of 4.44% while
the logistic EuroSCORE model predicted a mortality rate of 1.98%, as shown in
Table 3.3. Thus, Additive model over estimated mortality at each risk tertile.
In Figure 3.1, the discriminatory ability of the Additive (Standard) EuroSCORE
model was good, with an area under the ROC curve of 81%. The discriminatory
ability of Logistic EuroSCORE model was fair, with an area under the ROC curve
of 74.41%. Additive model calibration was poor, the model over predicted deaths
in each risk group, and the Logistic EuroSCORE underestimated mortality rate
in high risk patients.
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Chapter 4

TurkoSCORE

This chapter presents the deatiled information about the aim and scope of the
TurkoSCORE project. TurkoSCORE system is composed of two parts; patient
database and the learning system for estimating mortality risk. Database system,
gathered data, and the REMARC algorithm are explained in details.

4.1 Aim and Scope

Feature projection based machine learning techniques learn a set of rules. For a
query instance, the rules that match with the feature value of the query instance
are selected. Each rule used in query distributes its risks to each class. The
predicted class of the instance is then labeled as the highest risk class or the
predicted score is the total class risk of the desired class. Various versions of this
technique were studied and applied in medicine field as well. The results were

successful.

The aim of the project is to estimate the mortality risk of patients undergo-
ing cardiovascular surgeries. The predictive ability (performance) of REMARC
algorithm is measured by the area under the ROC curve (AUC). The heuristic

25
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in REMARC algorithm comes by the light and objective of maximizing the over-
all area under the ROC curve of the algorithm. That is to say, the aim is to
maximize the performance of the algorithm. For this respect, if we measure and
compare the performance of algorithms in terms of their area under the receiver
operating characteristic (ROC) curve (AUC), the discriminative ability (weight)
of each feature can be used as a weight in addition to rule’s predicted risks. A
single feature’s AUC over the training instances is used to strengthen the fea-
ture’s risk to overall risk of that test instance. High quality features, that have
more discriminative ability, would have more effect on the overall predicted risk

of a test instance to maximize the overall performance of the algorithm.

The aim of the project at the applied field, hospital, is to construct a risk
estimation system for the prediction of early mortality in patients undergoing

cardiovascular surgeries in Turkey on the basis of objective risk factors.

The scope of the project is to set up a database system for storing cardio-
vascular surgical patient’s data in Turkey. These data will include personal,
preoperative, operative, postoperative, and mortality parameters. The aim is not
only to find risk factors of the patient or to estimate mortality risks of patients,
but also to obtain shared extensive national Cardiac Database of Turkish pa-
tients. User friendly as well as comprehensive web application for gathering data
through internet is planned to be designed. This web application will also be used
by doctors to monitor, search, and print the patient health profile as far as one
click away. Other purpose of TurkoSCORE project is to construct a data mining
system on this database by using preoperative and postoperative parameters to

develop a model to estimate the mortality risks of patients.

4.2 Project setup

The project group was set up to include a number of computer engineers from

Computer Engineering Department at Bilkent University and Turkish cardiac
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surgeons from Cardiovascular Surgery Department at Ankara University (Ap-
pendix A). The findings and the preliminary studies by members of the group,
and the features of predominantly, European risk models, their refinements and
their application were considered and analyzed. Consequently, cardiovascular
parameters were selected and defined on the basis of credibility, objectivity, re-
liability, and prevalence. All the cardiovascular parameters and definitions are

detailed in Appendix B.

4.3 Data collection

Database system on a server for storing data has been set up at Bilkent University.
The aim is not only to find risk factors of the patient, but also to obtain shared
extensive national Cardiac Database of Turkish patients for future researches in

medicine and machine learning fields.

Database includes totally 18 tables having totally 921 fields. This data include
the personal, preoperative, operative, postoperative and mortality information of

each patient undergoing cardiovascular surgery.

A comprehensive web application has been designed for storing, searching,
viewing, printing, and analyzing the data statistically . A view of the web site
can be seen in Appendix A.2. The total number of cardiovascular parameters
(information collected by doctors) included in the system is detailed in Table 4.1.

Definition of each cardiovascular parameter can be found in Appendix B.

The web site is authenticated to securely identify the users to the system.
This is done to preserve the patients rights. Two levels of authorization presents;
Administrator and Doctor. Different authorized users have different access rights
to the system. Doctors have only the right to search, view, print, add new
patient’s data, and update an existing patient’s information. Administrators
have all the rights of Doctors and additionally have the right of deleting data,

adding new user, adding new web application control information (e.g, adding

"http://turkoscore.cs.bilkent.edu.tr
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Table 4.1: Cardiovascular parameters

’ Categories ‘ # of parameters

Personal 21
Preoperative 244
Operative 189
Postoperative 111
Mortality 13
Total 565

new prosthesis brand), and downloading all patients data from database tables
to SPSS format. Also, Doctor’s rights have been secured. One patient belongs to
one surgery group. A doctor from another surgery group is not allowed to update

the data of a patient underwent cardiac operation by another surgery group.

Comprehensive information on data collection requirements and definitions of
variables was provided to all participating institutions and summarized on a web

form.

This database has been developed extensively, so that Turkish experts can
benefit from extensive data set for future research. Most of the studies need a
huge data set for validation of statistics, algorithms, or any analysis. This project
intends to gather all Turkish patient’s data undergoing cardiovascular surgery
in all hospitals of Turkey into one shared database, TurkoSCORE Database,
in course of time. The project has been announced in Turkish Cardiovascular
Surgery Association as a new national Database system. Other hospitals de-
siring to join TurkoSCORE Project, are all welcomed by TurkoSCORE Project
Group. Already, the Cardiovascular Surgery Department of Acibadem Hospital
in Istanbul has been joined the project. Two centers, the Cardiovascular Surgery
Department of Ankara University and Acibadem Hospital, participating in the
project have totally 5166 patients.

All patients who underwent cardiovascular surgery during the project period
and previous periods were all included in the study. Surgeries included in the

system were done between February 1999 and August 2008.

Data were gathered and entered by the doctors in Ankara University onto the
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database through Internet by using a web application. In order to ensure the
correctness of data entered by the surgery assistants, the data were checked by

the consultant surgeon.

4.4 Data

Totally, 5166 instances present in the TurkoSCORE dataset. 4933 (95.5%) of
the instances were from Acibadem Hospital and 233 (4.5%) were from Ankara
University. Overall mortality for all the cardiac procedures was 103 patients
(1.99%) of whom 85 (1.64%) from Acibadem Hospital and 18 (0.35%) from Ankara

University.

4.4.1 Patient- related factors

Mean age of the patients was 59.22 with standard deviation of 12.10. Age range
was 0-91 years, 1855 patients (35.9%) were aged 65 or over. 3695 of the patients
(71.5%) were male and 1471 (28.5%) of the patients were female. Chronic pul-
monary disease was present in 811 (15.7%) patients. Extracardiac arteriopathy
and Neurological dysfunction disease presented in 284 (5.5%) and 341 (6.6%)
patients, respectively. Previous cardiac surgery had been carried out in 1539
(29.8%)patients of whom 77 (1.5%) had thoracic aorta surgery, 93 (1.8%) had
Valve surgery, and 1369 (26.5%) had coronary artery bypass. 52 (1%) of the
patients had exceeded 2.26 of preoperative serum creatinine. 5 (0.1%) had active

endocarditis. Critical preoperative status affected 5 (0.1%) patients.

4.4.2 Cardiac related factors

563 (10.9%) had unstable angina pektoris. Left ventricular function was moderate
in 1457 (28.2%) with ejection fraction of 30%-50% and poor in 212 (4.1%) with

ejection fraction less than 30%. In patients undergoing cardiovascular surgery,
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1240 (24%) of them had myocardial infarction within 90 days. Systolic pulmonary
artery pressure exceeded 60mmHg in 57 (1.1%) patients.

4.4.3 Operational related factors

The emergent operations carried out on referral before the beginning of the next
working day counted in 243 (4.7%) of the patients. 827 (16%) of the operations
were major cardiac procedure other than or in addition to coronary artery bypass.
Surgery on thoracic aorta carried out in 207 (4%) of the operations. Postinfarc

septal rupture was noted in 15 (0.3%).

4.5 Algorithm

This section provides a detailed information about the learning algorithm for
estimating the scores for instances. The algorithm is called REMARC for Risk
Estimation by Maximizing the Area under the ROC Curve.

4.5.1 Introduction

The previously developed related algorithms acquire knowledge by obtaining a
set of rules by different approaches. These studies have achieved success in a wide
range of real world problem domains. They are robust algorithms to irrelevant
features and missing feature values which are problems for other inductive and
supervised learning models such as decision trees and nearest neighbor algorithms
(32, 34, 36].

Classification by Feature Partitioning (CFP) is an inductive, incremental and
supervised learning model [36]. Feature values are partitioned into disjoint gener-
alized and specialized segments during training. Voting Feature Intervals (VFT)
is a inductive, non-incremental, and supervised learning model. It constructs fea-

ture intervals on each feature dimension from training instances [32]. The feature
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intervals can represent either a range of feature values or a point for a single
categorical feature value. Benefit maximizing Classifier on Feature Projection
(BCFP) is also inductive, non-incremental, and supervised model which learns
a set of classification rules that maximizes the benefit of classification, given a
benefit matrix [34].

The way the Risk Estimation by Maximizing the Area under the ROC Curve
(REMARC) algorithm learns a model for risk estimation is to obtain a set of
rules and each rule distributes its risk among classes. It can be illustrated by
an example of four training instances, two features and one query instance in
Figure 4.1. One of the feature is nominal (f;) and other is linear (f3). In these
learning models, each nominal feature values partitioned into segments. Each
feature-value combination constitute a rule. Each rule has an overall risk of 1
and distributes this risk among classes. The classes, in this example, are C; and
(5. The rules learned for the features are;
if fi=a then risk[C}]=1.0, risk[C5]=0.0
if fi=b then risk[C}]=0.0, risk[C5]=1.0
if fo=-00..3 then risk[C}]=0.5, risk[C5]=0.5
if fo=3..4+00 then risk[C]=0.5, risk[C3]=0.5

2
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Figure 4.1: Learning a model and estimating risk by REMARC
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In order to compute the risk for a query instance, the risk computed for all
features are averaged. For the query instance ¢, the total risk of class C; is 0.75
and class C5 is 0.25 (average of 1.5 and 0.5). This example shows the robustness
of REMARC algorithms in presence of irrelevant features in learned rule set. In
this case, feature fs is irrelevant feature, because it distributes its risk equally

among classes. It actually has no effect on overall risk estimation.

Although the related algorithms learn robust models, they become deficient
in risk estimation conditions where ranking of instances is important. Most risk
estimation models estimate the same risk value for too many instances. Same
risk scores complicate the target ranking. That is the situation when the rules
distribute the same probability value. So, there is an extra need in weighted
features to discriminate the instances that have different comorbidity but have
the same risk. For example, Additive EuroSCORE model estimates 20 distinct
risk values, Logistic EuroSCORE model estimates 109 distinct risk values, and
REMARC algorithm estimates 873 distinct risk values for same 5166 patients.

REMARC model does not intend to give very high risky patients 80% or 90%
mortality risk and to give less risky patients 10% or 20% mortality risk. That is to
say, the important thing is not the absolute value of the risk. For the evaluation
of the performance (reliability) of any score estimation algorithm, the important
thing is to correctly order the instances. REMARC algorithm is trained to learn
the correct rules. Correct rules here mean; the rules that can correctly order the

test instances in terms of their risk and labeled class.

The technique to calculate the area under the ROC curve had been defined
in background chapter. To maximize the area under the ROC curve, positive
instances must be ranked in very most beginning of the order. So, to maxi-
mize the performance of the risk estimation algorithm, the risk of the positively
(Dead) labeled instances must be greater than the risk of the negatively (Alive)
labeled instances in training process. So, REMARC algorithm learns a rule set
to maximize the AUC by using the posterior probabilities of each rule plus the
feature’s discriminative ability. The example below illustrates the feeling of how

to calculate the weight values of each feature.
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Assume the categorical feature Sex. It has two different values, Female and
Male. The rule learned from only posterior probabilities is;
Feature: Sex (Categorical) Count= 5043,
Female, Count=1427, Rank=1
P: count=30 risk=0.021023126
N: count=1397 risk=0.97897685
Male, Count=3616, Rank=0
P: count=68 risk=0.01880531
N: count=3548 risk=0.9811947

The aim of REMARC algorithm is to correctly order the positive instances.
As you can see from above example, an instance in training set with positive label
can get either 0.021023126 (F) or 0.01880531 (M). These two risk values are used

as a threshold to observe the discriminative ability of feature sex.

The discriminative ability (weight) of any feature is calculated as AUC value
of the feature. An instance can at least have the min 0.01880531 risk value
from feature sex. So, training set is traced to find the TPR and FPR values
for 0.01880531 risk value. That constitutes all the training set. In general, the
smallest given risk as a threshold forms the (1,1) point in ROC curve of a feature.
For the other risk value, 0.021023126, the TPR and FPR values are also computed
to form another point on ROC curve. So overall ROC curve for the feature Sex
would be like in Figure 4.2. The area under the ROC curve for each feature is

calculated and used as a weight in overall risk estimation.

To show the effect of weighted features on the order of instances, a simple
example is given below. Consider a rule set learned from training instances are;
if fi=a then risk[C}]=1.0, risk[C5]=0.0
if fi=b then risk[C}]=0.0, risk[C3]=1.0
if fo=m then risk[C}]=1.0, risk[C5]=0.0
if fo=n then risk[C}]=0.0, risk[C5]=1.0
if f3=x then risk[C}]=1.0, risk[C]=0.0
if f3=y then risk[C}]=0.0, risk[C5]=1.0

For the query instances ¢; (a,?,y) and ¢o (?,m,y), all rules distribute their
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ROC Curve

1.0
09
0.a
0.7
06 -
05
0.4
0.3
0z
0.1
0.0 . . . . . . . T T s
an 0.1 az 03 04 05 06 07 0.8 ns 1.0
(1-Specifity

Sens itivity

Figure 4.2: ROC Curve for a Feature with 2 categorical values

risks among classes resulting in total risks of C1=1, C,=0 and C;=1, Cy=0 for
q1 and ¢, respectively. That risk estimation results in equal risks for different
features for different test instances. REMARC algorithm includes the discrimi-
natory ability of each feature by multiplying feature-AUC of each feature’s risk
estimate. Consider the receiver operating characteristic curve of each feature on
training set in Figure 4.3 that details the discriminative ability of each feature
on the training set. The AUC of each feature is computed and included in risk
estimation scheme. Assume f; has 0.8, f; has 0.6 and f3 has 0.5 of AUC. Then,
the risks of ¢; among classes are C'1=0.65 and C5=0.0. Also, the risks of ¢, among
classes become C1=0.55 and C,=0.

REMARC algorithm is introduced to overcome such ranking problems by
including the decisiveness effect of each risk factor to risk estimation. The feature
is more decisive if it has higher AUC than other one. The risk for query instance ¢;
is higher than the query instance ¢, according to the technique used in REMARC.

This example also shows the robustness of the algorithm in missing feature values.
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Comparing ROC Curves
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Figure 4.3: Comparing ROC of features f1, {2 and 3

4.5.2 Training

REMARC algorithm as shown in Figure 4.4 first runs the training procedure using
a feature set previously analyzed and labeled as potential risk factors. Features
can be categorical or numerical features. Firstly, the training part of REMARC
algorithm converts numerical features to categorical (makeCategorical()). To find
the categorical values of each feature, the mean value of all training instances for
each class is found. Then, the means of each class for that feature are sorted in
ascending order. Let m,, m,, are the means of class p and n, respectively. Assume
then, m, > m,,, my, m, is the ordered list of means. The categorical values for

that feature are:

(—00..my,), (My..my), (My,.. + 00)

The number of categorical values for that feature is equal to the number of

classes plus 1. Each categorical value constitutes a range of numerical values.

After the conversion of each numerical feature to a categorical feature, for

each instance, the numerical value of each feature is then replaced by the new



CHAPTER 4. TURKOSCORE 36

train (frainingset)
for each feature [
if [ is continous, makeCategorical( )
for each categorical value ¥ of [
computeFeature ValueRisk(y, )
rank CatWValues([)
compute ATTCN

end /N irain

computeFeature ValueRisk(v, [
risk f,v = P{pasitive | f has value V) using instances in trainingSet
end ff compute Cat Risks

ComputeRiskig)
toial Risi=0, bnowa Values=0
for each feature [
if g walue 13 known
totalfisk +=0riskeae ) * (ATC of )
Increment knovwn Values
return (foialRisk | knowanValies)
end ff ComputeRisk

Figure 4.4: Risk Estimation by Maximizing Area under ROC curve (REMARC)
Algorithm

categorical value representing the range that covers the numerical value.

Then, for each categorical value v of each feature f, the risk is computed
(computeFeatureValueRisk()). The risky, is defined as the posterior probability

that the instance, in the training set, with the value v for feature f is positive.

Training procedure, then, ranks the categorical values of each feature in de-
creasing order of risky. The features that are successful in correctly estimating
the risk of an instance are given more weight in the REMARC algorithm. The
success of a feature is based on its ability to correctly order the instances accord-
ing to their risks. In other words, a feature that assigns higher risks to positive
cases (patients who died during or 30-days after the operation) is considered as
successful. Since the REMARC algorithm tries to maximize the overall AUC,

it uses the AUC of a single feature as its measure of success, that is its weight.
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Therefore, for each feature, the area under the receiver operating characteristic

curve (AUC) is computed using the training set.

After the training process is accomplished, the REMARC algorithm is ready
to determine the total risk of a query instance using the set of learned rules and
feauture-AUCs.

4.5.3 Complexity of the REMARC Algorithm

The cost of this training algorithm is the sum of the cost of computeFeatureVal-
ueRisk(), rankCatValues(), and computeAUC(). Let n be the number of training
instances, v be the number of categorical values of each feature, and f be the
number of features. omputeFeatureValueRisk() estimates the probabilistic risks
for each feature-value rule for each class. That’s cost O(n) + O(v) = O(n).
RankCatValues() job is to reorder the categorical values in each feature in de-
creasing order of posterior probabilities of positive class. This part of the al-
gorithm costs O(vlogv) for sorting. Since the categorical values are in order,
computeAUC() takes O(v) to compute the feature-AUC weight. Totally, O(n)
+ O(vlogv) + O(v) = O(n) for each feature. So, the total cost of the training

process is O(fn).

4.5.4 Risk Estimation

Risk Estimation procedure is detailed in Figure 4.4 as ComputeRisk(). For a
given query instance g, the risk estimation scheme collects the risks of each rule
by multiplying each feature’s risk by feature-AUC. If the value of ¢ for a feature f,
that is gy, is unknown, that feature’s rule does not participate in risk estimation
process. After collecting the risks of each rule, the classifier predicts the positive
class risk of ¢ as the weighted average of the risks computed for each feature

value.



Chapter 5

Experiments and Results

This chapter provides experiments accomplished and the results. TurkoSCORE
dataset gathered during the project scope is used in all experiments, as described
in previous chapter. The performance of REMARC algorithm which is also de-
scribed in details in the previous chapter, has been compared with EuroSCORE
scoring system in Experiment 1. In Experiment 2, most likely risk factors iden-
tified and filtered by consultant surgeons were used and the performance of RE-
MARC algorithm is investigated. In Experiment 3, the effect of using different
feature AUCs as a threshold for filtering the risk factors is investigated. RE-
MARC algorithm is implemented in Java language. Areas under the ROC curves
and the points for ROC curves are all calculated in Java programming language

as well. Chart Wizard of Excel is used for drawing ROC curves.

5.1 Experiment 1

For comparing performance of REMARC algorithm with EuroSCORE study, the
17 risk factors identified in EuroSCORE study are used. The name and definition
of risk factors can be found in Figure C.1, Appendix C. The definitions of some
of the risk variables were not identical in both Europe and Turkey, so some

adjustments or approximate assumptions were made to enable complete analysis,
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detailed in Figure C.2, Appendix C. The AUCs of EuroSCORE risk factors are
listed in Figure C.2, Appendix C.

Totally, dataset includes 5166 instances with 1.99% mortality rate. All the
instances are used for both training and testing. The rules learned by REMARC
algorithm for EuroSCORE features can be scanned in Section Appendix E.1.

The mortality risks estimated by REMARC algorithm are computed automat-
ically for each instance. Additive EuroSCORE and Logistic EuroSCORE risks for
each patient are also calculated. The performance of these three models are com-
pared by area under the ROC curves. The ROC curves for these three approaches
are illustrated in Figure 5.1 to monitor the performance disparities. AUCs of Ad-
ditive EuroSCORE, Logistic EuroSCORE, and REMARC Algorithm are 80.95%,
74.41%, 84.11%, respectively. Performance measure results reflect the robustness
of the REMARC algorithm in risk estimation. The risk estimation model used
in REMARC algorithm is better than both of the Additive EuroSCORE and
Logistic EuroSCORE.

ROC Curves
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Figure 5.1: Receiver operating characteristic (ROC) curves of REMARC Algo-
rithm, Additive and Logistic EuroSCORE with EuroSCORE risk factors
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5.2 Experiment 2

Risk factors obtained in this study include 190 preoperative and 16 operative
parameters by the light and analysis of cardiovascular operations in Turkey and
Europe. Most likely risk factors to be useful were identified by consultant cardiac
surgeons in Cardiovascular Surgery Department, Ankara University. Risk factors
having few number of instances are excluded from identified risk factors list.
Consequently, 104 risk factors are used as potential features for the REMARC
algorithm. The definition and values of each risk factor can be seen in Appendix
B. The risk factors and the feature-AUC values of these potential risk factors are

listed in decreasing order in Appendix D.

The same dataset, with 5166 instances and 1.99% mortality rate is used in

this experiment.

5.2.1 Experiment 2a

In this experiment, all instances in the dataset are used for both training and
testing process. The rules learned for TurkoSCORE risk factors by REMARC al-
gorithm are in Appendix E.2. The mortality risks are estimated for each instance
automatically by the rules learned in REMARC algorithm.

In Figure 5.2, ROC curve illustrates the performance of the REMARC al-
gorithm. The area under the REMARC ROC curve for these 104 features is
85.91487%. Risk estimation by risk factors identified in TurkoSCORE project
and used in REMARC algorithm outperforms both the Additive EuroSCORE
and Logistic EuroSCORE. The AUC of REMARC algorithm in Experiment 2a is
higher than the AUC in Experiment 1. The result of this experiment shows that
the risk factors identified in TurkoSCORE have more discriminative ability than
the risk factors identified in EuroSCORE model.
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Figure 5.2: Receiver operating characteristic (ROC) curve of REMARC algorithm
with TurkoSCORE risk factors

5.2.2 Experiment 2b

In this experiment, to make more realistic performance evaluation of the RE-
MARC algorithm, 10-fold cross-validation technique is chosen. In 10-fold cross-
validation, the original dataset is partitioned into 10 subsets. Of the 10 subsets,
a single subset is retained as the validation data for testing the REMARC model,
and the remaining 9 subsets are used as training data. The cross-validation pro-
cess is then repeated 10 times, with each of the 10 subsets used exactly once as
the validation data. So, each test instance would not be used in training process
while estimating the risk of that instance. The Table 5.1 details the areas un-
der the ROC curves of Thesis Algorithm for each fold. The 10 results from the
folds then can be averaged to produce a single estimation. The average AUC of

REMARC algorithm is 85.74%.
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Table 5.1: REMARC AUC values for 10-fold cross-validation
Fold AUC (%)

79.14%
90.11%
96.54%
90.28%
75.83%
90.94%
77.36%
81.29%
89.40%

9 86.46%
Average | 85.74%

o

0 3 O U= Wi~

5.3 Experiment 3

The performance of REMARC algorithm is measured by its AUC. The heuristic in
REMARC algorithm as it is described in previus chapter, comes by the light and
objective of maximizing the overall AUC of the algorithm. The discriminative
ability (weight) of each feature can be used as a weight in addition to rule’s
predicted risks. The feature’s AUC over the testing instances is used to strengthen
the feature’s risk on the overall risk of that test instance. High quality features,
that has more discriminative ability, would has more effect on the overall predicted

risk of a test instance to maximize the overall performance of the algorithm.

In Appendix D, the features and their feature-AUC values are listed in decreas-
ing order of feature-AUC values. All the instances are used in both training and
testing. In this experiment, the effect of filtering features with low feature-AUC
is investigated. For this respect, increasing threshold for feature AUC has been
tested to observe how the REMARC algorithm would behave. The thresholds for
feature-AUC and the count of risk factors satisfying the threshold constraint for

each test are all detailed in Table 5.2.

For example, the first row indicates that the features having feature AUC
greater than 51% are used in the test. There is 82 features satisfying this con-

straint. These features are first 82 features in Table Appendix D, and the overall
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AUC of the REMARC algorithm is 85.88%.

The optimal feature AUC value to maximize the AUC of the REMARC al-
gorithm has been observed at threshold 56%. The 49 risk factors having feature
AUC value greater than 56% achieve the best REMARC algorithm performance.
These 49 features are the first 49 features listed in Figure D.1, Appendix D.1.

Table 5.2: AUC results of REMARC algorithm in different feature AUC thresh-
olds

Feature AUC Lower Limit | # of features | Overall AUC of Algorithm
51% 82 85.88%
52% 76 85.61%
53% 70 85.84%
54% 61 85.78%
55% 56 85.87%
56% 49 86.15%
57% 41 85.37%
58% 35 84.35%
59% 32 83.77%
60% 28 83.77%
61% 25 83.74%
62% 20 82.75%
63% 17 79.81%




Chapter 6

Conclusion and Future Work

In this project, a database system has been set up, web interface to gather data
has been designed, risk factors has been identified, and risk estimation model,
REMARC algorithm, has been modeled triumphantly.

In this thesis, two types of dataset are considered. First one includes the
risk factors of commonly used scoring system-EuroSCORE and the second one
includes the risk factors selected and defined on the basis of credibility, objectiv-
ity, reliability, and prevalence by cardiac surgeons participating in TurkoSCORE
project. Both of the datasets are gathered from the TurkoSCORE database.

The area under the ROC curve of Additive EuroSCORE, Logistic Eu-
roSCORE, and REMARC algorithms are measured and compared. It is ex-
plained why the rules learned by REMARC algorithm outperforms both of the
EuroSCORE models in risk estimation with the same risk factors and the same
dataset. The main reason for this is that REMARC model allows instances to
be ranked according to a more fine-grained scale compared to other models by
the heuristic of maximizing the AUC. Instances with different comorbidity can

be better differentiated from other instances by feature-AUC weights.

The feature-AUC (weight) is not only used in risk estimation, but also used in

risk factors selection. Different thresholds of weight have been tested to filter the
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less discriminative features from risk factors list. REMARC Model also outper-
forms both of the EuroSCORE models in risk estimation by using TurkoSCORE
risk factors. Also, the model shows its robustness in selecting the discriminative
risk factors. Again, this allows instances to be ranked correctly that maximizes
the AUC. As the threshold, for filtering risk factors used in the model, increases

to an optimal value, the REMARC model observed its maximum performance.

REMARC algorithm is also robust to irrelevant features and missing feature

values, as explained.

As a future work, first of all other future works, the dataset must be improved
with more data. The risk estimation scheme will be better. Morbidity risk can be
estimated in addition to mortality risk. The feature-AUC (weight) is multiplied
with posterior probabilities. The effect of feature-AUC (weight) can be tested by
different approaches (taking square, taking cube). Additive approach is used in
estimation of the total risk from rules. Some other approaches can be generated
such as logistic regression formulas. Each rule in REMARC model includes one
feature. Feature construction techniques can be modeled so that the rules can

include more than one feature.
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A.2 TurkoSCORE web application

Figure A.1: A view from web site
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Appendix B

TurkoSCORE parameters

Figure B.1: Identity parameters

Kimlik Bilgileri
Parameter Name Options
Dosya Mo | Text
(A | Text
|Soyadt |Text
Clinsivet i
. \E=Erkek
TC Eimlik Mo (Text
KRTC Kirmlik Mo Text
0 = Septlmedi
Dogum Tartht {gin/ayinl) 0= Zepilmed
. |0 =Segilmedi
(Yas | Text
|0 = Bilinmyor
1= Mkokul
Eitim 2 = Ortaokul
3 =Lise
4 = Universite
-1 =Zepilmed
Dogum Vel \List
|ehir List
Adres Text
| Teleton Ev | Texzt
Telefon Cep (Text
\Telefon I3 |Text
Meslek iText
0 =Evh
Tedem Dururmu 1=Bekar
-1 = Sepilmedi

o7




APPENDIX B. TURKOSCORE PARAMETERS

Parameter Name

Eurum

Birinci Derece Talarnn ady, soyadi ve telefonu
Prospektif pabigma hastass
Hayrr
|Coronary trial

Steroid trial
[ Transfizyon

AF Apoptosis

Stentiess AVR

\Mitral Eapale Onanmlary
Kardiyak Kok Hicre
|Secilmedi

\Diger gahgma hastas
AllowedlTser

Kimlik Bilgileri

|1 = Emekli Sandig
2=588K
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4= Yegil Kart
th= Orzel Kurum
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| -1=Eegimedi
fText
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Parameter Name
Hastane Adh
\Hastay: refere eden doktor
Diger

Hastaneye Cartg Tarthi
Hastaneden Cilog Tarihi

Cperasyon Tarthd
;Yapllan Operasyon

Togun Balon Yatg Tarihn

Tofun Balom Cikag Tarthi

Yogun Balum yatis siest (saat)
| Yogun Balm Ek yatip siiresi (saat)
Tofun Balom toplam yatip sirest (saat)

Figure B.2: Hospital stay up parameters
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Figure B.3: Complete clinical history parameters recalled and recounted by a
patient
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Risk Faktorleri

Parameter Name

Amelivat éncest dispne (NYHA Kasifilkasyonna gére)

Eonjestif Ealp Tetmezhg

Hemeodinarmik Status

Ktk Precperatf status

=erilmedi

Yok

VT /VF

Eesistasyon

IABP

WVentilasyon

Aleut renal yetmezlile

Diabetes Mellitiis

Serilmedi

Hastada Diabetes Mellitus vol

Hastaneye yatg sonrasi diyabet tamst almg
Diyet kontrollii diabet

Oral antidiabetilc dlag de kontrol edien diabet
Instilin ile kontrol edilen diabet

Tnsitlin + Oral antidiabetikc aglarla kontrol edilen diabet
Doldimente edilmermg

Diabetes hdellitis (vl strevle)

Hipertansivon kategoric

Son 1 wilda anthipertansifflag kullanrmg mu?

Sigara Hikayesi

Sigara Ipme Stresi (wl sireyle)
Sigara Ipme Milttan (adet/minde)
Orriir bowu iptisl sigara pakcet adeti

Options
4 =NTHAY — fimlcsel altivitest den derecede
lsitlanrms, vataga veya sandalyeye bagmbh ve istirahatta
dahi rahat degil
-1=Sepilmedi
0=TYok
1=Var

| -1 =3ecilmed

1= Stabil -- wital bulgulan (kalp z, sistermk tanstyoms,
idrar pikag normal smirlarda, takipne, ortopne, PIND yok)

2 = Unstabil -- vital bulgulart degigken
3 = Eardiyojenmk sok
-1 = Sepilmedi

True/False

iTruefF alse

True/False
True/Falze
True/False

TrueFalse

TrueiFalse

True/False
True/False

True/False
TruefFalse
True/False

TrueFalze

True/False
True/False

[ Texzt

0 =MNOEMAT - Sistolik KB <140 munHg, Diastolik KB
<90 mmHg

1=0RT4A DERECEDE HT - Sistolik EB =140 we

&lt, 160 mmHg, Thastolik KB 290 ve <100 mmHg
2=CIDDIHT - Sistolik KB 2160 mmHg, Diastolil KB
=100 g

3 = Hipertansiyon yolk

| -1 =3ecilmed

0 = Hayr

1 =Ewet

-1 = Seplmedi

) = Bilinmiyor

1 = Hip sigara igmerms

2 = Sigara wpmevi barakemug = 1 ay - 1wl
3 = Sigara iptnevi birakermg = 1wl

4 = Halen igiyor
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Parameter Name

Eoroner Arter Hastalif Adle Hikayesi

Hiperlipidermi

Eronk Obstriktif Akccifer Hastah@ (K OAH)

FEV1 (zawt olaralk)
2FEV1 Predicted (saw olarak)

Eenal Yetmezlik

Son Preoperatf Kreatinn Dhizeyt

K aracifer Hastalii

Risk Faktorleri

Options
0=Tok
1=Var -- Birinci derece akrabalannda erkek <45 yag
dnce, kadin <55 yas dnce tam almug koroner arter hastalis
veya kalp krin hikayest
-1=Sepilmedi
0 = Hipetlipidemi yol
1 = Hiperlipidermi, lagla kontrol altmda
2 = Hipetlipaderm, lagla kontrol altmda degl
3 = Bilintriyor
-1 = Seplmedi
0= Yok -- normal spirometn test sonuclan, ECAH ile
gl herhangt bir semptomun olmarnas: (ksiirilk balgam),
tlag kullanty olmamast
1=EKOAH Risk var -- spirmetrik testler normal, kronik
semptomlan mevcut (dksiinik, balgam)
2=Hafif KOAH -- FEVU/FVC <370, FEV1=%20
predicted, krontk sernptomlar var veya yoko (Slesiiriike,
balgatm)
3=0rta KOAH -- FEVI/EVC =270, FEV1=2%30
<430 predicted, kronik semptomlar var wveya yok
{alsiirik, balgam, dispne) -- FEW1 %550 <%430
predicted
4 = Orta KOAH -- FEVI/EFVC <370, FEV1=2%30
=430 predicted, kronik semptomlar var wveya yok
(6ksirik, balgam, dispne) -- FEW1=%30 <%50
predicted
S5=Ciddi KOAH -- FEVI/EVC <270, FEWV1 <%30
predicted veya FEV1 < %050 predicted ve respiratuar
vetmezlik veva sag kalp yvetmezlifinin klink

semptomlanmn olmast

| -1=Zegimed
| Text

Text

0=Tok

1=Var

2 = Diyaliz gerelesinit

3 =Fonsiyone renal transplant

-1 = Sepilmedi

0 = KEreatinin < 1.2 mg/dL

1=Ereatinin 1.2 - 1.5 mg/dL.

2=Ereatirin 1.5 - 2.26 mg/dL

3 = Ereatirun > 2. 26 mgf/dL.

-1 = Sepilmedi

0=TYok

1 = Child-Pugh Grade A (Asit yok, Bilirubin<2mg/dL,
Albumin=3.5 gfdL, INE<1.8, ensefalopati vol) —
kompanze K.C hastalif

2 = Child-Pugh Grade B (Hafif' derecede asit var,
Bilirubin = 2-3mgfdL, Albumin= 2.8-3.5 g/dL, INE. =
1.8, ensefalopati grade 1-2) — Ciddi fonksivonel vetmezlik

3 = Child-Pugh Grade C {Orta derecede asit var,
Bilirubin=3mg/dL, Albumin=2 8 g/dL, INR.>2.3,
ensefalopati grade 2-4) — Dekompanze K C hastalif
-1=Sepilmed
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Parameter Name

Peptik ilzer hastalibk hileayesi

Grecinlrms Gastrowntestinal kanatmna

Aol Enllamm

Aol kullanim sileh

Periferil Arter Hastalif

Serebrovaskiler Hastalilc

24 saatten fazla siren koma hikayesi

Serebrovaskiler hastahlk zamarm

Risk Faktorleri

Options
0=Tok
1=Var
-1 =Zepilmed
0=TYok
1="Var
-1 = Sepilmedi
0=TYok

1==25 gram { gin ( 2 bardak sarap )
2=>2»=25 ve= 50 gram/ giin
3=»=50we = 100 gram { gin

4 === 100 gram / giin

-1 =Zepilmed
0 = Her giin, ginde i kez
1 =Her gin

2 = Haftada 5-6 kez

3 = Haftada 3-4 kez

4 = Haftada 1-2 kez

5= Avda 2-3 kez

6 = Avda bir kez veya daha az
-1 = Zepilmedi

0=TYok

1 = Var, istirahat veva egzersiz ile kladikasyo intermitant

2 = Var, artenyel yetmezlik nedentyle gegirilmig
atmputasyon

3 = Var, aorto-thalk oldusiw hastalilc nedentyle gecirilims
rekonstrilcaivon

4 = Var, perferik damar hastah@ nedeniyvle vaskiler
rekonstriksiyon, bypass cerrahisi veva perkitan
angioplast veya stent

5 =Var, aott anevrizma vatlii, onantn vapiliug veya
vapiltnatug

6 = Var, non-invasiv veya invasive testlerle dokiimente

edilmig

-1 =Zepilmed
0=TYok
1=FID

2 =TIA (24 saat icinde fyilesmenin sagladif alout
serebrovaskiiler atal)

3= CVA (Semptomlarin 24 saatten fara strdogi
vaskiler etyolojili oldugu diginilen atak)

4 = Non-mnvazwv karotis incelemesinde gapta %079
daralma

5 = Gegirilmig Karots Cerrahist veya perkoutan karotis
girigimi

6 = Difier Mérolojik hastalidlar (myastania gravis gibi)

| -1 =3Gegilmedi
0=TYok
1=Var
-1=Sepilmedi
1 = 2 hafta iginde
2 == 2 hafta

3 = Bilintrryor

-1 = Sepilmed
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Parameter Name

Infeknf Endolkardit

Eoagulopati

Tiroid hastahk hikayesi

Pailayatrile hastall hilayest

lalignite hikayest

Mlaligrate Detan

Greginilmig ciddt arttn hikayesi

Cregirilmis antrd tedavi yéntermlent

Gegirilmis Perkatan K oroner girigim

Risk Faktorleri

Options
0=Tok
1 = Pomtf kan kiltiri e mfeltf endokardit éntarms
2 = Ekokardiyografide vejetasyon veya gérintileme
vantemlert de endokardit dntamst
3 = Prostetik kapak endolearditi
4 = Geirlmiz ve tadavi editmis infeltif endolcardit

| -1 =3ecilmed

0=TYok
1=Var
-1 = Seplmedi
0 = Otiroid
1 = Hipertiroich hikayes
2 = Hipotiroidh hikayest
3 = Subklinik hipotiroid (serbest T3 ve T4 normal, TSH
iist smirda veya artog)

| -1 =35ecilmedi

0=TYok
1 =Major depresif hastalic hilkayesi
2 = Bipolar hastalk hikayesi
3 = Sizofteni hilkayesi
4 = Madde bagumhlhii hlkayes
-1 = Sepilmed
0=TYok
1=Var
-1 = Sepilmedi
Text
0=TYok
1 = Venrkiler fibrilasyen (cerrahi éncest & hafta iginde)

2 = Vennkiler fibrilasyen (cerraty énces 2 haftadan farla)
3 = Atrial fibrilasyon (cerrahi éncest 2 hafta ipinde)

4 = Atrial fibrilasyon (cerrahi $ncesi 2 haftadan fazla)

5 = Atrial flutter (cerrahi éncest 2 hafta icinde)
6 = Atrial flutter (cerrahi éncest 2 haftadan fazla)
7 =Teinei derece kalp blogu (cerrabi éncesi 2 hafta

iginde)

8 = Upinen derece kalp blogu (cerrahi sncesi 2 haftadan
fazla)

| -1 =3ecilmed

0=TYok

1 = Ablasyon tedavist

2 = Automatic implantable
cardioverter/defibrillatcr(ATCD)
3 = Kalict Pacemaler

4 = Farmaleolajik tedaw

5 = Elektrokardivoversiyon

| -1 =3Gegilmedi

0=TYok

1 = Balon K ateter &njioplast

2 = Perkitan Transhuminal Eoroner Anjieplast(PTCA)
3 = Eotational Athereletomi

4 = Directional Atherelctomi

5 = Estractional Atherelctom




APPENDIX B. TURKOSCORE PARAMETERS

Parameter Name

Gegirilmz Perkootan K oroner gingim

Perkoitan Eoroner ginsim ile operasyon arast siire

En zon gecirilig perkitan koroner girisim Tarthi

6 saat icinde gecirimig bagansiz PTCA

Gegirilmig WM Sayist

Operasyon éncest geginlmig WD

En zon gegirilrag W tarity

Preoperatf respiratér gerelosimmt

Preoperatif resiistasyon

Risk Faktorleri

Options

& = Lazer Atherektomi

7 = Intrakoroner Stent(bare metal)
|8 = Intrakoroner Stent(ilag kapl)
9 = Perktitan K oroner Anjiografi
| -1=Zegimedi

0=TYok

1= < ésaat

2 == saat

-1 =Zepilmed

0= Segilmed:
|0 =Segilmedi
|0 =Segilmedi

0=TYok

1="Var
| -1=Eegilmedi

0 = Operasyon dncest M gepirmemig
1 = Bir kez MI gecirmig

2 = Iki veya daha fazla MI gegirmig
|3 = Bilinmmivor
| -1 ="35ecilmedi

0=TYok

1=MI <= 6 saat

2=MI6-24 saat

3=NI1-7 gin

4=MI5-21 gin
S=MI=> 21 ginwve = & ay
b=MI> 06 ay
| -1=Eegilmedi

0= Segilmed:

0= Segilmed:
|0 =Segilmedi

0=TYok

1=Var
| -1 =3Gegilmedi
0=TYok
|1=Var

-1 = Seplmedi

65
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Figure B.4: Physical examination parameters

Parameter Name

Ritm statusu

Zegimedi

SifE it

AFAutter

Gegirilmis WIWVE

VES

1. derece AV blok
2. derece AV blok
AV -tam blok

Preoperatf Sistolik kan basmnes (mmHg)
Preoperanf Divastolic kan basinct (mmHg)
Preoperatt Ortalarna kan basmer (mmHg)

Ankle - brachial indeks

Earotis Ufiiriienis Sag

Earotis Uhirimi Sol

Pulmaoner raller

Pulmoner wheezing

Toraks deformites

Mitral diastolik rulman

Iufitral sistolik ifiiriim

FizikIVIiuayene Table

| True/False
‘TruefFalze
True/False
| True/False

True/False

True/False
| True/False
True/False
| Texzt
‘Tezt
Text

D==<=0.50

1=0.50-0.59
2=10560-06%
3=070-079
4 =0.80-0.89
5=090-0.99

6==10
| -1=Eegilmedi

0=Tak
1=Var

| -1 =Gegilmedi

0=TYok
1=Var

| -1 =Zecilmedi
0=Tok

1=Var

1= Secilmedi

0="Tak
1=Var

| -1 =Gegilmedi

0=TYak
1=Var

| -1=Eegilmedi
[0=TYok

1=Var
-1 = Zepilmed
0=T¥ok
1=LVI
2=TIVI
3 =T0VI

4=TVIVI
9=V

& =VIVI
-1= Sepilmedi

Options

66




APPENDIX B. TURKOSCORE PARAMETERS

FizikIViuayene Table

Parameter Name

67

0=Tok
Lort dastolik ifirim | B= Var
| -1=Eegilmedi
0= Yok
1=1VI
2=IVI
|3=1IVI
4 =TV/VI
5=VNI
|6 ="VINVI
| -1=Eegimedi
0=Yok
Dulmoner arter diastolic tfirim 1=Var
-1 = Sepilmedi
0=Yok
[1=1VI
2=1I
=TI
4 =TT
5=V
6 =VIVI
-1 = Sepilmedi

| Aort sistolil Ofirim

\Pulmoner arter sistolik tfiriim

:ﬁb‘&omen .
0= Yok
Hepatomegali 1= War
| -1=Eegilmedi
0= Yok
Splenotmegali il.= War
| -1=Eegimedi
0=TYok
Kitle 1=Var
| -1 =Gegilmedi
0=Tek
Ttiiriim [1=Var
| -1=Eegilmedi
0=Yok
it 1=Var
-1 = Zepilmed
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Parameter Name

Va:’;l{u’ﬂer

Varis Sag

Waris Sol

Mabizlar - Femoral arter Sag

MNabuzlar - Femoral arter Sol

MNabarlar - Popliteal arter Sag

Mabizlar - Popliteal arter Sol

Mabizlar - & dersaliz pedis Sag

MNabizlar - & dorsalis pedis Seol

Mabizlar - & tihialis posterior Sag

Mabizlar - & tibialis posterior Sol

Mabizlar - & radialis Sag

MNabazlar - & radialis Sol
Allen Testi

Dominant el

MNon-Diominant el

Diominant el

FizikMuayene Table
Options

0=Tek
1=Var
| -1 =Gecilmedi
0=Tok
1=Var
| -1 =Gegilmedi
0="Teak
1=Var

-1 = Sepilmed
0=Tek
1=Var

-1 = Sepilmedi
0="Tok
1=Var
| -1 =Gegilmedi
0="Teak
1=Var
| -1=Zegimed
0=Tok
1=Var

-1 = Sepilmedi
0=TYok
1=Var
-1=Sepilmedi
0=Teak
1=Var
| -1=Eegilmedi
0=Tek
1=Var
| -1 =Gegilmedi
0=Tok
1=Var
-1=Sepilmedi
0="Teak
1=Var

-1 =Zepilmed

0=75ag
1=250l
-1 =Zepilmed
0 =TFozf (inkemplet palmar arkus dolagm)
1 = Negatif (veteth palmar arkous delagim)
| -1 =Gegilmedi
0 = Poatf (inkemplet palmar arkus dolagrm)
1 = Megatif (yeterl palmar arkus dolagimi)
-1 = Sepilmedi
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Anjio/EKO

Parameter Name Options

Anjiegrafl rapon Text
0 = Circurnflex
Domimant koroner arter 1 = 3ag koroner arter
-1 = Sepilmedi
0=TYok
1=1 damar
Hasta koroner atter sayist { = %050 darlik ) 2 =2 damar
3 =173 damar
-1=Sepilmedi
0=Yok
ol ana koroner arter (LIMCA) hastahd ¢ = %050 darlke ) 1 = Var
-1 =Zeplmed
0= Yok
Left antenior descending { > %650 darlik ) 1=Var
| -1 =Gegilmedi
0= Yok
Circurnflex ( = %050 darld ) 1=Var
-1=Sepilmed
0=TYok
Sag koroner arter (= %000 darld: ) 1=Var
-1= Sepilmedi
0 = Olpilmedi
1=Grade I (=%50)
Sol Ventrikdl Ejekaryon fraksivonu kategorik (Cardiac 2 = Grade IT (+035-%449)

Care Network (CCI of Ontano grading) 3 = Grade T (2420-%434)
4 = Grade TV (<%20)
-1 = Sepilmedi
Ejeksiyon fraksivon defen (%) ‘Text

0 = Diger yonternler ile
1 = Ekokardiyografi

Ejeksiyon fraksivonu élgim metodu 2 =LV anjiografi
3=NUGA
-1 = Sepilmedi

Fractional shortening { FS ) degen Text

Sistolik pulmoner arter basiner degert { mmHg ) Text

Ilean pultnoner arter basmet ( normal defer : 9-17 mmHg Test

3 degen

ol ventrikil diastol-som basncl-LVEDP (mmHg) Text
0="Tok

Sol ventriloil anevrizmas 1=Var
-1=Sepilmedi
0=Teak

Seol atriumda trombis 1=Var
-1 =Zeplmed

=ol ventriboil sistol-somu capt - LVESD degen ( 1mm ) Text
Sol ventrikeil diastol-zotm gapt -LVEDD degert ( mim ) Text
ol ventrikill sistol-somu volimi-LVESY (ml) (Text
|Sol ventrikil diastol-soms wolirmii-TLVEDW (ml) | Text
Interventnloiler septum kalmb®-TVEd (8-11 mm)
(HOCK hastalanmda mutlaka doldurulacak)

Posterior duvar lalinh@ Text

Text

Figure B.5: Angiography and echography parameters
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Parameter Name
Sol atrium gape dedert (rmm)
E dalgasi (tm's)
A dalgast (mfs)
EiA oram
E dalgas: deselerasyon zamant-ED'T (ms)

Diastelile disfonkstyon

Aort Eapad

Aort stenom

Aot stenom etyolojist

Aort kapak maksimum gradienti { mmHg )
Aort kapak ortalama gradienti { mmHg )
|Subaortik kapak gradientt (LVOT) (mmHg)

Aort Yetmezhlk

Aort yetmeszlik etyolojisi

sinotitbiller bilegke capt deger ( mm j
Valsalva sitmis papa degen { mm )
Aort anilis capr degen ( mm )

K alsifiye aort

Mitral Eapag

Witral stenozm

Anjio/EKO

Options
Text
Text

Text
(Text

Texzt

0 = Normal dolug paternt
1 = Relaksasyonda azalma
2 = Pzeudonormal

3 = Restrilctif dolug paterni
-1 =Zeptlmed

0=TYok
1=Var
-1 = Segilmedi
0=Tok
1 = Dejeneratf
2 = FBomatizmal
3 = Konjenttal (bikuspid, unikuspid acrt kapalk gibi)
4 = Endokardit
5= Dnger
-1=Sepilmedi
Text

(Text
| Text

0="Yak

1=1. derece

2=2. derece

3=73 derece

4 =4 derece

-1 = Sepilmedi
0=Tok

1 = Primer aort kapak hastalif
2 =Aort ksl hastalig
3 =EKombine

-1 = Sepilmed

(Text

Text

Text

0=Tok

1= Yaygmn

2 = Bslgesel
-1 =Zeptlmed

0=TYok
1=Var
-1 = Segilmedi
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Anjio/EKO

Parameter Name

Wihtral stenozs etyolojist:

Wtral kapak malksmmum gradients
Witral kapal mean gradientt
Wihitral kapale alam (Doppler)
Mitral kapal: alam (Planimetrik)
Mitral kapalk skoru

Witral antuler kalsifikasyon

Mitral Yetmezlik

Wihtral Yetmezik Etyelojist

Mitral Yetmeslil: Elastfikasyon

CarpentierTip I, normal kapalcote (santral yetersizhile,
antiiler dilatasvon veva leaflet perforasvotnn)
CarpentierTip I, kapaksk prolapst (kordal riptir veva
elongasyom, papiller kas riptiri veya elongasyonu)

CarpentierTip [la, diastol srasmda sturlantmg kapakeik
hareketi (romatik subvalvular fibrosts, kalsifikasyon)

CarpentierTip B, sistol srasmda stmrlanmmg kapaketc
hareket (iskemik veva dilate kardiyomiyopatt)
Secilmed

Witral Yetmedifin hang scallop'tan kaynaklandid
Santral vetmeslik

b1

2

P3

Options
0=Tok
1 = Fomatizmal
2 = Mitral annuler kalsifikasyon
3 = Neoplazm ( sol atrial mikzoma gibi)
4 = Konjenital (paragit deformitesi gibi)
5 = Endokardit
6 = 3LE, romatoid artrit, Hunter-Hurler sendromu, Fabry
hastalifs, Whipple hastaif, Wetiserpd
7= EKarsinoid sendrom
8 = Duier
-1 = Sepilmedi

Text

Text
Text

(Text
| Text

0="Yok

1 = Hafif derecede (Anmuluzun 1/3%nden azinda)

2 = Orta derecede (Annulusun 1/3 e 2/3'0 arasinda
tutulurm)

3= Ciddi (Anmulusun 273 'nden farlasmda kalsifikasyon)

-1 =Segilmed

0=TYck

1=1 derece
2=2 derece
3=73 derece

4 =4 derece
-1 = Zepilmedi
0=TYak

1= Dejeneratif
2 = [skemik

3 = Romatizmal
4 = Endokardit
5 =K onjenital

6 = Torals travimast
7 =Diger

-1 = Sepilmedi

True/False

'True/False

True/Falze

True/False

.TruefP alse

True/False

TrueFalse

TrueiFalse
True/False
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Parameter Name
Al
A2
A3
ATC CAnterolateral kemtrisur)
PIAC (Posteromedial korumisur)

Mitral vetmezlikte regirjtan woliim
Mitral vetmezlikte Efeletif orifis area (ER.O)
Trikiispid Kapad

Trlkispid stenoz

Trikitepad stenoz etyolosist

Tnkuspid kapak makstnum gradients (mmHg)
Trikuspad kapak mean gradient (mmHg)

Trikiispad yetmeszlik

Trikiispad vetmezhk etyolojist

Pulmoner K apag
Pulmoner stenoz
Pulmoner kapak makstmum gradientt

Dulmoner kapak mean gradient

Pulmoner kapak yetmezhg

Anjio/EKO

Options
True/False
True/False

'True/False
True/False

TruefFalze
0=TYok
1=<30ml
2=731-60ml

3 = =60ml

-1 = Seplmedi

Text

0=TYok
1=Var

| -1 =3Gegilmedi

0=TYok
1 = Romatizmal
2 = Kotjenital
3 = Sag atrial neoplazm
4 = Karsinoid sendrom
5 = Endomtyokardiyal fibrozs
& = Endolardit
7 =EKalp dist timeér basis
8 = Diger
-1 = Sepilmedi
Text

| Text

0=Yak

1=1 derece
2=2 derece
3=73 derece

4 =4 derece

-1 = Sepilmedi
0=Tok
1 = Zekonder fonksiyonel trikuspid yetmezlis
2 = Endokardit
3 = EKarsinoid sendrom
4 = Romatizmal
5 = Mikzamatéz
6 = Ebstem anomalist
7= Travma
8 = Iyatrojenik (pace teli, RV bivopsi gibi)
9 = Diger
-1 =Zepimed

0=TYok
1="Var

| -1 =35ecilmedi

Text

Text
0=Yok
1=1 derece
2=2 derece
3=73 derece
4 =4 derece
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Figure B.6: Preoperative medication parameters

Preoperatif Medikasyon
Parameter Name Options
Preoperatif Antiagregan tedam
=epilmedi True/False
Eullanmtyor veya 1 hafta $nce kestlmig TruefFalse
Acetlsalislil asid (ASA, Aspirin) 'TraefFalse
Elopidegrel (Tscower, Plaviz, Karum) True/Falze
Diger True/False
Freoperatf Antikoagilan tedaw
Secilmedi | True/False
Eullatmtyer veya 1 hafta snce kestlmig TruefFalze
Warfarin (Kumadin, Cournadin, Orfarir) TruefFalse
Tnftaksivone heparin True/False
LMnWH 'TruefFalse
IV Hepw (Hepa.rm sodm, Nevparin, Liquietnin, True/False
Calcipatin, Fragroin)
Freoperatf Trombolitik veya Glikoprotem IThITa Tnhibitera {son 48 saat igerisinde)
=epilmedi \True/False
Eullartlmarmg TruefFalse
Aggrestat (Tirofiban) True/Falze
Abcmimab (ReoPro) TruefFalze
Streptokinazfirokinaz (K abikinaz, Streptaz, Varidaz) 'True/False
tP A (Actlyse Flakon) True/False
Pre operatjf Lipad dugtirici
Serilmedi [ True/False
Tok True/False
AForvastatm (Alvasm.l,.Ater_oz, J_'&t_or, Caduﬁt, Cardyn, True/False
Duwator, K olestor, Lipttakesin, Tapator, Saphire, Tarden)
Bezafibrate (Befibrat, Aeufibrat) TruefFalze
Colestyratnine (Efensol) ‘TruefFalse
Clofibrate (Elofibrat) True/False
Colestipol (Colestid) TruefFalse
Ezetimibe (Ezetrol, Inegy) | True/False
Fenofibrate (Fenogal, Liphanthyl, Lipofen-3r) | True/False
Fluvastatin (Lescol, Lescol X1 TruefFalse
Gemfibrozl (Lopid) True/False
Lowastatin (Mevacor, Altocor) TruefFalse
Pravastatin (Pravachal) 'TraefFalse
Eosuvastatin (Crestor) True/Falze
Snnvalstatm (InegyZocor, Lipovas, Simwvakol, Zocor, TruefFalse
Zowatin) _
0=Teok

Preoperatf Betablocker { = 24 saat )

1 = Acebutalsl (Prent)

2 = Atenolol (Atexal, Mortan, Tenoretic, Tensinor)

3 = Betaxolol (Kerlone, Betoptic)

4 = Bisopralol (Concer, Lodoz)

5= Carteolol (Cartesl)

& = Carvedilol (Carvexal, Corons, Dilatrend, Kinetra)
7 = Esmolol (Brewibloc)

8 = Labetols] (Iormodyne, Trandate)

9 = Wetoprolol Succimate (Beloc Zol)

10 = Metoprolol (Beloc, Beloc Durules, Lopresor-Sr,
Lopresor, Problok)
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Parameter Name

FPreoperatif Betablocker { = 24 saat )

Preoperatf ACE Inhibitérii (< 24 saat)

Preoperanf ARR

Preoperanf Kalsivum antagonist

Preoperatif Medikasyon

Options
11 = Nadolal (Corgard, Anabet, Cornd)
12 = Nebivolol (Vasoxen)
13 = Penbutolal (Levatol)
14 = Pindalal (Wisker)
15 = Propanolol (Dideral)
16 = Sotalol (Darch, Sotant, Talozin)

17 = Timolol (Cosopt, Nyolal, Timabak, Tinocomad,
Tmmoftal, Timelol-Fos, Timoptic-¥e, Timosol, Kalacom)

-1 = Seplmedi

0="Teak

1 = Benarepri {Cibacen, Cibadrex)

2= Captopril (Kaptil, Kaptori)

3 = Cilazapril (Inhibace, Inhibace Phig)

4 = Enalapril (Enalap, Enapril, Enapril Plus, Eneas,
E onveril, K onveril Plus, Renitec, Vasolapril)

5 = Fosmnoprl (Monopril, Monepril Plus)

& = Lizsinopnl (Acerilin, Inhibeil, Eilace, Rilace Plus,
Sthepryl, Sthoretik, Zestoretik, Zestnl)

7T = Moexpnl (Tnivasc)

38 = Penindopril (Cowersyl, Conwersyl Plus, Preteraz)
9 = Ouinapnl CAccuzde, Accuzde Fort, Acuite])

10 = Ramiptil (Blokace, Blokace Plus, Deli, Deli Plus,
Deliz Protect)

11 = Trandolapnl { Gopten, Tarka)

12 = Zofenopnl (Zoprotec)

12 = Enalaptilat (Wasotec IV)

-1 = Sepilmedi

0="Teak

1 = Candersartan (Atacand, Atacand Plus, Lyra)

2 = Eprosartan (Teveten, Teveten Plug)

3= Losartan (Cozaar, Eklips, Eklipz Plus, Hyzaar,
Loztbin, Loxbin Plus, Sarvas, Sarvastan)

4 = Olmesartan Medozomil (Hipersar, Olmetec)

5 = Telrmsartan (Micardis, Micardis Plus, Pritor, Pritor
Phuz)

6 = Irbesartan (K arvea, Karveride)

7 = Valsartan (Diowan, Co-Diovan)

| -1 =3ecilmed

0="Tek

1 = Amlodipine (Amplodis, Amlokard, Amlovas, Caduet,
Dilopm, Menovas, Mipidol, Norlopm, Normopres,
MNorvadin, Norvase, Wasocard, Vasonorm, Vazkor)

2 = Barnidipine (Libradin)

3 =EBepndi (Vascor)=

4 = Felodipine (Plendil)

5 = Isradipme (Dynacirc Sro)

6 = Lacidipine (Lacipl)

7 = Lercanidipine (Lercadip)

8 = Micardipine (Cardene)

9 = Mimodipine (Mimotop)

10 = Nilwadipane (Mitvadis)

11 = Nifedipine (Adalat Crene, MNidicard, Midilat)
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Preoperatif Medikasyon

Parameter Name

Preoperatf Kalsivum antagonisti

Preoperanf Mitroghserm ( dermal veva oral )

| -1=Eegilmedi

Preoperatif IV, Iitrat ( &t 48 zaat)

Preoperanf Diiiretike
Serilmed
Tok

Furosemide (Lasiz, Desal, Urever, Furomid, Lizik, Urex)

Amiloride Sprronolactone (Moduretic, Aldactone,
Adactazide)

Chlorthalidene Hydrochlorothiande (Eegreton, Hygroton, |
Aluadon, Triamtenl, Moduretic, Aldactenide, Adelphan)

Indaparmde Metolazone (Fludex, Flupamid, Indurin,
Iletezalom)

Bumetanide (Butinate, Burinex)

Torsermde (Toracard, Duprac, Torrem)

Tnamterene (Tnarmtenl)

Preoperanf Antiaritmilc

Sepilmedi

Tol

Moricizme (Ethmormne)

Churadine (Longacor, MNatisedin)

Procainamide (Pronestyle, Pronestyle-3r, Procan-5Sr,
Procanbid)

Disopyramide (Morpace, Ethmodan)

Tocanide (Tonocard)

Lidocaine (Antmal, Tettnonal, JTetokain Simplex, Jetoloain,
Jetozel)

FPhenytomn (Epanutin, Epdantein, Hidantin, Phenhydan)
Iexletine (Ilextil)

Flecainde (Tambocor)

Propafenone (Bhytmotiorm)

Acebutolol (Prent, Sectral)

Esmolol (Brevibloc)

Propranolsl (Dideral)

Amisdarone (Cordarone)

Dofetilide (Tikcosin)

Thutiide (Cervert)

=Sotalol (Darcb, Sotartt, Talozin)

Diltiazerm (Albizem-3r, Dilticard, Dilhizern, Diltizem-Sr,
Eardi)

Veraparnil (Fibrolkard, Tsoptin, Tsoptin Klth, Tsoptin-3r,
Tarka, Veroptin)

Bretylium Tosilate

:TruefF alse

‘TrueFalze

| True/False

:TruefP alse

'True/False

iTruefP alse

5

Options
12 = Verapamil (Fibrecard, Tsoptin, Tsoptin Klch, Tsoptin-
21, Tarka, Veroptin)
13 = Dilarem (Altzem-Sr, Dilticard, Diltizern, Dhiltizem-
2r, Kardl-=n)
-1 = Sepilmedi
0="Teak
1=Var

0=TYok
1=Var
-1 = Sepilmedi

True/False
True/False
TruefFalse

True/False

True/False

True/False

True/False
TruefFalse

True/False
True/False

True/False

True/False
TruefFalse

True/False
True/False
True/False

True/False
True/False
True/False

True/False

True/False
True/False

True/False

TruefFalse

TruefFalse
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Preoperatif Medilkasyon
Parameter Name Options
Freoperatif Inotrop kullatum (pgflegidalk)
Sepilmedi TruefFalse
Tok True/False
Doparmin (Doprmn, Giludop, Dopadren) 'TrueFalse
Dobutarmin (Dobutabag, Dobautrex) TruefFalse
MNoradrenalin (Kylonet) TruefFalze
Adrenalin (Epipen) ' True/False
\Levosimendan (Syndax) | True/False
0=Teok
Freoperatif Dijital 1 = Var (Digoksin, Lanolsin)
-1 = Sepilmedi
0="Teak
Preoperatif Insulin 1=Var
-1 = Seplmed:
Preoperanf oral antidivabetil
|Segilmedi | True/False
Tok True/False
Gliclande (Betanorm, Diamicron, Efikas, Glikeron, |
Glumikron, Orarmikron) TrieiEale
Glibunide (Divanorm, Gliben, Divabety) ‘TruefFalze
Tolbutamide (Diaboral) True/False
Fioglitazone (Actos) TruefFalse
Eosigltazone (Avandia) TruefFalse
Preoperatif Steroid
Sepilmedi TruefFalse
Eullanmtyor True/False
Oiral sterond True/False
Inhaler steroid True/False
IV stereid True/Falze
0="Teak

Preoperanf H2 Antagonist weva proton pompa inhubitéri

Preoperatif Immunsupressif tedavi (Operasyon sncesl son
1 ayda)

| -1 =Gegilmedi
0="Teak
1=Var

1 = Cimetidine (Ulkamet)
2 = Ramtidine (Pylond, Ramtab, Ulcuran, Zantac, Fozon,
Eanohel)

3 = Famotidine (Famodin Nevofam Famoser Duowel
Famo, Famogast, Famec, Famotsan, Gasterol, Gastifam,
Gastover, Gastrosidin, Neotab, Pepdif, Teusar, MNotidin)

4 = Nizatidine (Axid)

-1 = Sepilmedi




APPENDIX B. TURKOSCORE PARAMETERS

Figure B.7: Laboratory analysis parameters

Laboratuar
Parameter Name Options
Preoperatt veya Postoperatif Taboratuar PreoperatifiPostoperatifiSecimedi
0= Zepilmed
Laboratuar Tarihi |0 =Segilmed
0= Zegimed
Al Glukoz Text
B (Kan Ure Azoti) |Text
Ereatnin (Text
_T"Ink astt fText
Sodyum | Text
Potasyum Text
Elor | Text
Ealstyum (Texzt
Fosfor Text
Magnezmum (Text
| Total Protein (Text
| Alburnin ‘Text
Total Bilirubin (Text
Direket Bilirubin Text
AST Text
ALT Text
Gamma Glutamil Transferaz (GGET) Text
Alealen fostataz (ATT) |Test
Laltat detidrogenaz (LDH) |Text
| Total Eolesterol fText
HDL Eolesterol | Text
LDL KEolesterol Text
WLDL Text
Trighiserit Text
Hbilc Text
CEF (Text
Serbest T3 | Texzt
| Serbest T4 fText
TsH (Text
0 = MNegative
HEsbg |1 =DPosttive
| -1=Zegimed
0= MNegative
Ant-HBE 1 =Positive
| -1 =Gecilmedi
0 = MNegative
Aat-HCV 1 = Positive
-1 = Sepilmedi
|0 = Megative
Anti-HIV |1="Posttive
-1 = Sepilmedi
WEBC (Beyaz kire) (Text
Hgb (Hemoglobin) (Text
\Het (Hematolkrit) fText

'Plt (Tromb osit) (Text
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Laboratuar
Parameter Name Options
Sedmm | Texzt
ASO Text
[PT Text
INR Text
aPTT Text
CK-ME Kitle Text
Troponin I Text
\Demir jText
| Total dernir baglama kapasitesi [ Text
%o Baturasyon | Texzt
Femn Tew
Vitanin B12 dzeyi Teat
Folat ditzeyi Text
| Amilaz ] | Texzt
Pankreatic Amiaz Text

Lipaz (Text
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Figure B.8: Operation related parameters
Operatif Bilgiler

Parameter Name Options
0 = Elektif

1= Trgent (1 hafta)
Operasyon Onceligi 2= Acil (24 saat)
3 = Salvay (Hemen)
-1 = Sepilmedi
0= Yok
1= Aleut mivokard infarktiisi (AMT)

& = Intra- & ortik Balon Pompa destek gereksinimi (TABP)

3 = Medikal tedavive refrakter anstabil anjina

4 = Eonjestif kalp yvetmezligi
Ciperasyon acilivet nedem 5 = E oroner anatomi

& = Eapalk disfonbosivonu (Mativ veya prosteti)

T = Aort dizzeksiyonu

8 = Infelctif endolcardit

9 = Anjiografl komplikcasyonu

10 = Eardiak Travma

-1=Sepilmed

1 =1l kardiyovaskiler operasyon

2 =1k re-op kardivovaskiiler operasyon

3 = Tkinei re-op kardiyevaskiler operasyon
Ciperasyon insidanst 4 = Upiincii re-op kardiyovaskiiler operasyon

5= Dardinet veva daha fazla re-op kardivovaskiler

operasyen
-1= Sepilmedi
Gecirlmis Operasyon
Tok True/False
True/False
0= Zepilmed:
Eoroner Cerrahisi 0= Zepilmed:
0 = Seplmed:
TrueFalse
0= Zepilmed
Eapak Cerrahisi 0= Zepilmedi
0= Seplmed:
True/False
. . . o . 0= Zepilmedi
Intrapenkardial veya bivik damar Cetrabizsi 0= S
0= Sepilmed
Ciperasyon gruplamast
=epilmedi 'True/False
Eoroner Bypass Cerrahst 'TrueFalse
Eapak Cerrahist TruefFalse
Ealp MNakh TruefFalze
Aort Cerrahisi ' True/False
\Earotis Cerrahisi | True/False
Eonjenital Cerrabisi TruefFalse
Penferik damar cerrahist True/False
Diger Torasik prosedirler ‘TruefFalze
Kardivak Timér 'True/False

Ferikard Cerrahisi True/False
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Operatif Bilgiler
Parameter Name Options

Diger kardiak prosedirler
Secilmedi TruefFalse
Tok True/Falze
Sol Ventrikoil Anevrizma Onaritu True/False
Batista cperasyonu True/False
=ol Wentrikill Eestorasyon TruefFalse
E sk Hicre Implantasyomm | True/False
Transmivokardival lazer revaskilarizasyon | True/False
Wentrikuler septal defeltimiptir Onartr TruefFalse
Atnal septal defeket (43D Onarmm True/False
Eonjenital diger defelctlenn onarmmt TruefFalse
At cerrahist Radyo-Frekans veva microwawve True/False
Ablasyon
Aritmi cerrahist Cerrahi Waze prosediiri True/False
Aritr cerralist Kalicr Pacemaleer ' True/False
Aribmi cer.rahm Ealict Pacemaker, kardiyak True/False
resenbronizasyon
Aritend cerrabiss ATCD True/False
Aritmi cerrahist ATCD, kardivak resenkronizasyon True/False
K ardiyak travma 'TrueFalse
IHE: (1dlyopahk hipertrofik subaottik stenoz septal True/False
trvektorn)
FVE (pulmoner kapal replasmm), stentsiz bivolojik TeiEEalie
kapak veya homogreft ile |
Pulmoner kapak onarumt TruefFalse
Eardivalk kst lidatik elsizyonu TruefFalze
Bentall cperasyonu True/Falze
Cilan aott anevnizmna onartrt (Dawid, Tacoup telonibden)  TruefFalse
Torakoabdominal EVAR TruefFalse
Sternal revizyon True/False
Dhger | True/False
Sol Atrial Mikzoma TrueFalse
K onstnlenf Penteardit TruefFalse

0=Tok
1T mekantk komphlkasyonu 1=Var

-1 = Sepilmedi

0 = Venlmed:

Preoperatf Antibiyotik secimi

Preoperanf TV Steroid kullarddds rm?

1 = Bmnci jenerasyon sefalosporm

2 = Tieinci jenerasyon sefalosporin

3 = Vancomisin

4 = Alleryi nedentyle diger antibiyotikler
-1 =Zeplmed

0 = Hayir

1 =Dugik doz (= 250mg)

2= Orta doz (250mg - 49%mg)

3 = Tuksek doz (> 500mg)

-1 =Zeplmed
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Parameter Name
Tnsizyon
|Standart Median Sternotorni
Ifiisternotorm
Anterior Torakotorm
\Posterolateral Torakotormi
Iinttorak otorm
Elemshell
|Serikal
Iedian Laparoton
\Diger Laparotomi
Dhger
Segilmedi

Hibrid eperasyon yapaldin?
Hibnid operasyonun zamamt

Perleitan girisim yapian koroner arter
Diaglintermediate

|Diag2

il

Ch2

|Cx-posterolateral

ECA Crux éncest

|BCA - PDA dah

ECA - LV dah

Sepilmedi

Operatif Bilgiler
Options

| True/False

‘True/Falze

True/Talze

| True/False

TruefFalse

| True/False

fTruefP alse

TruefFalse

| True/False

' TrueFalse

True/False

0= Hayir

1 =Ewet

| -1 =Gecilmedi

0 = Perkiitan gingimden énce
1 = Perkiitan girigimden sotra
-1 = Sepilmedi

[ True/False
| True/False
TruefFalze
' True/False
fTruefF alse
TruefFalse
| True/False
‘TruefFalse
True/False
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Figure B.9: Coronary artery bypass surgery parameters
Koroner Baypas

Parameter Name Options
Distal koroner anastomor sayist 0= Zeglnedi/ 1-10
Artenial kondiit distal anastomoz sayis 0= Zegilmedi/ 1-5
Wendz kondint distal anastomoz sayis 0= Seplmedi § 1-5
Greft 1 [ True/False
0=Adorta
1=LI4 - in situ
2 =FRINA - i st
3 = Vena Zafena Magna (secquental)
4 = LINA (secuential)
5 =EIA (sequential)
& = Radial
7 = Gastroepiplotk in sitn
8 = Arks aorta dallan
-1 = Sepilmedi
0=TLIMA
1=FEIhi4
2 = Radal Arter
3 =Vena Safena Magna
4 =Vena Safena Parva
5 = Gastroepiploik Arter
6 = Diger
-1 = Sepilmed
0=LAD
1 =Diagl / Intermediate
2 = Diag2
3= 0Nl
4 =02
3 =X - posterolateral (CH-distal)
& =RCA Crux éncest
T=ECA -FDA dah
B=RCA - LV dah
_ | -1=Eegilmedi
Greft1E oroner ArterCapd List
0 = Distal damar kalitesi iy
1 = Zkip lezyonlar mewvcut
GreftlE oronerArterF alitesi 2 = Diffiiz olarak tutulum mescut
3= Cok ciddi diffiiz hastalds meveut
-1 = Sepilmedi
Gireft 2 ' True/False
0= borta
1=LIMA - in sitn
2 =FEINA - in sty
3 = Vena Safena Magna (sequential)
4 =LIMA (sequential)
5 =ERIMA (sequential)
& = Fadial
7 = Gastroepiploik in sitn
8 = Arkus aorta dallan
-1 =Zepilmed

GreftProksimall

GreftE onduitl

GreftDistall

GreftProksimal2
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Parameter Name

GreftE onduit?

GreftDistal2

Greft2E oroner ArterCapd

Greft2E oroner ArterF alitesi

|Greft 3

GreftProksimal3

GreftE onduit

GreftDistal3

Greft3K oronerArterCap

Koroner Baypas

Options
0=LIn&
1=FEIhi4
2 = Radial Arter
3 =Vena Safena Magna
4 =Vena Safena Parva
5 = Gastroepiploil Arter
& = Diger

| -1=Eegilmedi

0=LAD
1=Diagl { Intermediate
2= Diag?
3= 0Nl
4 = 0On2
5= CH - posterolateral (C3H-distal)
6 =ERCA Crux éncest
T=RCA -PDA dah
8=FRCA - LV dal
-1=Sepilmedi

List

0 = Distal damar kalitesi ivi

1 = Skip lezyonlar meveut

2 = Diffiiz olarak tutulum mescut

3 = Cok ciddi diffiiz hastalk meveut

| -1 =Gegilmedi

TrueFalse

0= borta

1=LIMA - in sitn

2 =FEINA - in st

3 =Vena Safena Magna (secuential)
4 =LIMA (sequental)

5 =ERIMA (sequettial)

& = Radial

T = Gastroepiploik in situ

8 = Arkus aorta dallan

| -1=Eegimedi

0=LIM4&

1=FRInA

2 = FRadial Arter

3 =Vena Safena Magna

4 =%ena Zafena Parva

5 = Gastroepiplol Arter
& = Diger

| -1 =Gegilmedi

0=LAD

1 =Diagl / Intermediate
2 =Diag2

3= 0Nl

4 =0n2

5= CH - posterolateral {CH-distal)
& =RCA Crux éncest
T=ECA -FDA dah
8=RCA - LV dah
-1 =Zepilmed
List
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Parameter Name

Greft3E oronerArterF altes

Greft 4

GreftProksimald

GreftE onduitd

GreftDistald

GreftdE oroner ArterCapd

GreftdE oroner ArterK alites

Greft 5

GreftProksimal s

Koroner Baypas

Options
0 = Distal damar kalitesi ivi
1 = Skip lezyonlar meveut
2 = Diffiiz olaralk tutulum mewcut
3= Cok ciddi diffiiz hastalls meveout
-1 = Sepilmedi
True/False
0= borta
1=LI4 - in situ
2 =FRINA - m st
3 =Vena Zafena Magna (secuential)
4 = LINA (secuential)
5 =EIA (sequential)
f = Radial
7 = Gastroepiploil i sttu
8 = Arkus aorta dallan

| -1 = Gegilmedi

0=1LI4

1=FRInMA

2 = Radial Arter

3 =Wena Safena Magna

4 =Vena Safena Parva

5 = Gastroepiploil Arter
& = Digder

| -1=Eegilmedi

0=LAD

1=Diag] / Intermediate
2 =Diag?

3= 0Nl

4 =0z

5= C¥H - posterclateral (T3 -distal)
& =RCA Crux éncest

T=ECA -FDA dah
8=RCA-LV dah

-1 = Sepilmedi

List

0 = Distal damar kalitesi iyi

1 = Skip lezyonlar meveut

2 = Diffiz olarak tutulum mevcout
3= Cok ciddi diffiiz hastald meveut
-1 = Sepilmedi

[ True/False

0=Alorta
1=LIMA - in sitn
2 =FRINA - i situ
3 = Vena Safena MMagna (sequential)
4 =LIMA (sequental)
5 =ERIMA (sequential)
& = Radial
7 = Gastroepiploik in sitn
8 = Arkus aorta dallart
-1 = Seplmed
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Parameter Name

GreftE onduit

GreftDistal5

GreftoE oroner ArterCapd

GreftSE oronerArterF altesi

Greft 6

GreftProksimalt

GreftE onduité

GreftDistalt

Grefto K oroner ArterCap

Koroner Baypas

Options
0=LIn&
1=FEIhi4
2 = Radial Arter
3 =Vena Safena Magna
4 =Vena Safena Parva
5 = Gastroepiploil Arter
& = Diger

| -1=Eegilmedi

0=LAD
1=Diagl { Intermediate
2= Diag?
3= 0Nl
4 = 0On2
5= CH - posterolateral (C3H-distal)
6 =ERCA Crux éncest
T=RCA -PDA dah
8=FRCA - LV dal
-1=Sepilmedi

List

0 = Distal damar kalitesi ivi

1 = Skip lezyonlar meveut

2 = Diffiiz olarak tutulum mescut

3 = Cok ciddi diffiiz hastalk meveut

| -1 =Gegilmedi

TrueFalse

0= borta

1=LIMA - in sitn

2 =FEINA - in st

3 =Vena Safena Magna (secuential)
4 =LIMA (sequental)

5 =ERIMA (sequettial)

& = Radial

T = Gastroepiploik in situ

8 = Arkus aorta dallan

| -1=Eegimedi

0=LIM4&

1=FRInA

2 = FRadial Arter

3 =Vena Safena Magna

4 =%ena Zafena Parva

5 = Gastroepiplol Arter
& = Diger

| -1 =Gegilmedi

0=LAD

1 =Diagl / Intermediate
2 =Diag2

3= 0Nl

4 =0n2

5= CH - posterolateral {CH-distal)
& =RCA Crux éncest
T=ECA -FDA dah
8=RCA - LV dah
-1 =Zepilmed
List
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Parameter Name

Grefté K oroner ArterK alites

Greft 7

GreftProksimal?

GreftE onduit?

GreftDistal?

Greft 7K oronerArterCap

Greft7E oronerArterF alites

IhA distal anastemoz sayist
A hazrlarmg telonig

Radial arter distal anastomoz sayist
=afen ven distal anastomoz sayist

Koroner Baypas

Options
0 = Distal damar kalites: 11
1 = Skip lezyonlar meveut
2 = Diffiz olarak tutulum mewcut
3= ok ciddi diffiiz hastald meveut
-1= Sepilmedi
TruefFalse
0= Aorta
1=LIMA - in sty
2 =FRINA - in situ
3 = Vena Zafena Magna (secquential)
4 = LINA (secquential)
5 =EIWA (sequential)
& = Radial
T = Gastroepiploik i situ
8 = Arkus aorta dallan

| -1=Eegilmedi

0=LINA

1=FINA

2 = Radial Arter

3 =Vena Zafena Magna
4 =Vena Safena Parva
5 = Gastroepiploil Arter
& = Diger

| -1=Eecimedi

0=LAD

1 =Diagl / Intertnediate
2= Diag?

3= 0Nl
4 =02

5= CH - posterolateral (C3H-distal)
6 =ERCA Crux éncest
T=RCA-PDA dah
8=FRCA - LV dal

-1 = Sepilmed
List

0 = Distal damar kalitesi iyi

1 = Skip lezyonlar meveut
2 = Diffiiz olarak tutulum mewcut
3 = Cok ciddi diffiiz hastalk meveut

| -1 =Gegilmedi

0= Zegilmedi/ 1-4
0 = Iskeletize
1 =TPedikil olarak

| -1=Eegilmedi

0= Zegilmedi/ 1-4
0= Zegilmedi / 1-10
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Koroner Baypas

Parameter Name Options

0=LAD
|1 =Tragonal dallan
12 = Cx-Om dallan
3 =Distol Cx

' Endarteraktorm yapild tm 4 =RCA Crux éncesi

5=RCA-PDA dah

6=RCALV dab

|7 = Hayrr

-1="5ecilmedh

|0 = Papaverin

|1 =Diltiazem

2 =Tiyomedin

|3 = Mitrogliserin

4 = HNiprus

-1= Zepilmedi

LA ya keullanilan vasedilatér ajan
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Parameter Name
Lott kapak cerrahist

Loort kapak cerrahi telomgi

Lot Eapak Morfolojist

Lot Aniler gemgletme

Lott kapak protez

Lott kapak protez capt { mim )

Lort kapak protez markas
Iufitral kapak cerrahist

Nfitral kapak cerrabd telenifi

Iufitral kapaga vaklagtm

Figure B.10: Valve surgery parameters
Kapak Cerrahisi

| -1 =Gegilmedi

Options

0=Teak
1= Aort kapak replasmant (A VE)
2= bAort kapak onarumurekonstriksiyonu
3 = Eondiith kapalkla aott kaki releonstriksiyonu
4 = AVE + aort greft (kapakh kondiit kullandmadi)
5 = Eapak koruyucu acrt kali rekonstrilcsiyoms
6 = Lort kapak resuspanstyonu + gilcan acrt replasmmam
7 = Yalturca aott kapak resuspanstyonu
8 = Subaottik stenoz rezeksiyom
9 = Bentall operasyonu (pikan acrt kapak replasmant +
AVE)
10 = Suie valsalva aneviiona ofanm
-1 = Sepilmedi
0 = Trkuspid
1 = Bikuspid
2 = Monokuspid
3= Dart veva daha fazla kuspish
-1 = Sepilmed
0="Teak
1=Var
-1 = Sepilmed
1 = Mekanilk
2 = Biyolojik
3 = Homogreft
4 = Otogreft (FOSS prosedini)
-1 = Sepilmedi
0 =3Segilmedi / 18-30
Table

0=Tok

1 = Mitral K apak replasmar (3IVE) posterior
subvalvular aparat korunaral

2 = Mitral Kapak replasman (:MWE) anterior ve posterior
subvalvular aparat korunaral

3 = Mitral Kapak replasmant (2MVE) subvalvolar aparat
korunmalesizn

4 = Mitral kapak onarrm, yalmzea annuloplast

5 = Mitral kapak onarmm, quadrangiiler rezelsiyon +
antuloplastt

& = Mtral kapak onarr, shiding plast + antuloplast

7 = Mitral kapak onaritm, kordal tarmir + anmiloplast

8 = Mitral kapak onarmm, perkardival yama +
antuloplast

9 = Mitral kapak onarm, Alfen sttir + anmuloplast

10 = Mitral kapak onantm, difer onanm telnikden

11 = Agik Mitral Kommissurotomi ( AWM )

0= Yok

1= 5ol atriotom
2 = Trans-zeptal
-1= Sepilmedi
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Parameter Name

LA trombektormi

L& apendaj plikasyom

Nfitral kapak protez

Nfitral kapak protez capt (mum)
Mfitral protez matrkas

Iufitral Ring & Band gapa (mm)
Iufitral Bing & Band markast
Trlkuspid kapak cerrahist

Trikuspad kapak cerraty telomdi

Trikiispad kapak protez

Trikiispad kapal protez capt (mimn)
| Trikiizpid protez markas
Trikiispad Ring & Band cap (mm)
Trikiispad Ring & Band markast
Pulmoner kapak cerrahist

Fulmoner kapak cerrahi telomgt

Pulmoner kapak protez

Fulmoner kapak protez gapt (mm)
Pulmoner protez markeas

Aritroi cerrabisi

Ablasyonda kullantdan enerpi kaynag

Kapak Cerrahisi

Options
0 = Hayir
1=Ewet
-1 =Zeplmed
0=Tok
1 = Internal
& = External

| -1 =3ecilmed

1 = Anmiloplastt ringfhant
2 = Mekanik kapal

3 = Biyolojik kapak
4 = Homogreft

-1 =Zeplmed

0 =3Segilmedi/ 18-34
Table

|0 =Segilmedi/ 18-34

Table

0=Tek
1 = Trikuspid kapak replasmatt (TVE)
2= Yalzca anmuloplast
3 = Trikuspid kapak rekonstriilksiyonu + annuloplasti
4 = Trkuspid kapak rekonstritksiyorn, anruloplast
vapilmadat
5 = Valvelitomi
-1= Sepilmedi
1 = Anmiloplast ring'bant
2 = Mekank kapalk
3 = Biyolojik kapak
4 = Homogreft
-1 =Zeplmed

|0 =Segilmedi/ 15-34
| Table

0= Segilmedi / 18-34
Tahle

0=TYok
1 = Pultmoner kapak replasmat (PVE)
2 = Pulmoner kapak rekonstrUlksiyonu

| -1 =3ecilmed

0 = Biyalojik

1 = Mekanik

-1 = Seplmedi

0 =Seglmedi/ 18-34

'Tahle

1=Yok

2= Eesme ve dikme tekmg (Cox-Iaze)
3 = Radyoftekans

4 = Wikrodalga

5= Enyoterm

& = Lazer

7T = Yiksek vogunluk odalh ultrasound
-1 =Zepilmed
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Parameter Name

Ablasvon telomgt

Ablasvon uygulamas:

.Ablasyon strest (dakilea)

Kapak Cerrahisi
Options
1= Cox-Iaze III
2= Yalnzea abla:;yon ile pulmoner ven izolasyonu (5ol
atriyel)

|3 = Pulmoner ven 1zolasyonu, apanda) ablasyonu, mitral
kapaga uzanan ablasyon (kombine sol atriyel)

4 = Biatrial ablasyon

|5 = Yalmzea sag atriyel ablasyon

| -1=Eecimedi

[1=Yek

|2 =Tipolar

3=Bpolw

4 =Kombine (upolar +hipolar)

| -1=Eegimedi
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Figure B.11: Thoracic aorta surgery parameters

Aort Cerrahisi
Parameter Name Options
Lot patolojisi
Anevrizma True/False
Drzzelestyon ' TruefFalse
Transeksiyon True/False
Eaptir TruefFalse
Ecarktasyon True/False
Ateramatdz | True/False
\Martan sendrornu veya difer konneletif doloy hastaliblars  True/False
ik otile True/False
=ilitik True/False
E onjenital 'TruefFalse
Secilmedi 'TrueFalse
Aort Anevrizmast
Tok TrueFalse
Chlkan Aort ' True/False
Arkus Aorta | True/False
Inen Torasik Aort True/Falze
Torakoabdominal True/False
Abdorminal 'True/False
Aort kel True/False
Secilmedi TruefFalse
0=Tek

. . 1=Tip &

Lort Disselostyonu 2=Tip B
-1 =Zepilmed

Lort Dizselostyonm Sirest (gin olarale)

Lot girigimlert

Lort protez cap (mm)
Protez markas

1 = Cikan actt replastna

24 = akan aort + herniarkus replasman

3 = Torakal inen aocrt anevrizma onartr

4 = Torako-abdominal aort anevnzma onarumt
5= Abdominal actt anevrizma ofartm

& =Torako abdominal acrt EVAR

7= Abdominal aort EVAER

8 = Aorta-bifemoral bypass

9 = Aorta-subclawien bypass

| -1=Eegilmedi

15-34
Tahle
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Figure B.12: Surgery crew parameters

Ameliyat Ekibi
Parameter Name Options
Konstltan Heleir Text
1 Cerrah Text.
| Azistan cerrah fText
|2, asistan | Text
3. asistan Text
\Eonsiiltan Anestezist fText
|Asistan Anesterist | Texzt
| Anesteni Tebniker | Text
|Ameliyat Hemgiresi Text
Diger Ameliyat Hemgiresi Text
Perfiizyonist iText

Diger Perfuzyonist (Text
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Figure B.13: Perfusion parameters

Perfiiyonist

Parameter Name

Options

Cilt keesizt baglama saatt

Cilt kapatilina saati

Operasyon sirest (dk)

Ean Grubu

Siztolik Pulmoner Arter Basinct (mm-Hg)
Dhastolik Pulmoner Arter Basmet (mm-Hg)
\Mean Arter Basnct (mm-Hg)

Pulmoner Eapiller Wedge Basmer {mm-Hg)
CWP (mm-Hg)

iz Vensz Saturasvon

Eardivepulmoner bypas

Off-pump 'tan kardivopulmoner bypass'a gepme neden

Off-pump'ta Stabilizasyon metodu

Clesyjenatér

Prime wolime (ml)
|FLOW 2.4
FLOW 2.0
AORT {mm)
ATOLER (ramm)

| Text
(Texzt

(Text
| Text

[ Text

| -1 =Gegilmedi

| -1=Eecimedi

(Text
| Text

Text

Text
Text

e
g

D=
| |°

-1 = Sepilmedi
0 =Eh Negatif
1=Fh Poztif
-1 = Sepilmedi
Text

Text
Text

0= Of-pump

1 = On-pump beating heart
2= Total CFB

3= Parsiyel CPB

0 = Gerek duyulmad, operasyon planlandid giba Off-
pump tamarmlandt

1 = Ezposure ve gérintileme yvetersizhii

2 =Kanama

3 = Eoroner anatominin uygunsuzlugu ve diffiiz distal
damar hastalig

4 = Hemodinarmik mstabiite (hip otansiyon/arttimt+E16

5 = K onduit kalitesinin 1 olmamast veva travina nedeniyle
hasarh olmast

£ = Diger nedenler

0= Eompresyon

1 = Suction (aspirasvot metodu)
-1 = Sepilmedi

0 = Affinity (MWedtronic)

1 =Tostra / WMAQUET (GST medical)
2 =Dideco

3 = Edwards

4 = Terimo

5=COBE

& =NEDOS

-1 = Sepilmedi

Text
Text
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Perfiiyonist
Parameter Name Options

FEMOEAT () Text
Balon Uglu (f) Text
Basket (ft) Text

Dz () Text
Errike (&) Text
Errike Dermnir Tghu () Text
Intr_aoperaﬁf antifibrinolitile keullanim

| Secilmedi | True/False
Eullamlmach True/False
Aprotimn (Trasylel) tam doz TruefFalse
Tranexamic Acid TrueFalse
Epsilon-aminocaproic acid (Amicar) [ True/False
Diger TruefFalze
Aprotian (Trasyloel) varum doz TruefFalze
Desmopressin ' True/False
\Eombinasyon ise | Text
Eombinasyon nedent Text

K anilazvon metodu Text

0=Teak
1=X¥-Elemp

Lot Olklizyom

Parsiyel aottik kletnp (side biter) kullamldirn?

CPE sirest (dk)
Eros Klemp zamatu (dk)

Hipotermik delagim arrest kullamldirm ¥

Hipotermik dolagmm arrest siirest (dk)

Eardiveple

Eardiyoplen venlme yolu

DTDUESIYON (derece)
IDAME (derece)
HOTSHOT (derece)
\Eoot Eaniil (ga)

Hemofiltrasyon

Hemeofiltrasyon mikctan (co)

2 = Intravaskuler balon
3 = Difer

| -1=Eegilmedi

0 = Hayir
1=1kez
2=2kez
3=73kez
4==3kez

-1 = Sepilmedi
Text

| Texzt

0 = Hayir
1 =Ewet
-1= Sepilmedi

| Texzt
0=TYok

1 = Eristalead kardiyoplei
2 = Ean kardivoplefisi
3 = Kombme

| -1=Eegilmedi

1= Antegrad
2 = Eetrograd
3 = Eombine

| -1=Eegimedi

Text
Text

(Text
| Text

0=TYak
1=Var

| -1 =Gegilmedi

0=Tok
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Parameter Name
ECHO

Wentriktler azsist dewice
Serilmedi

Tok

LVAD

RVAD

BVAD

IsBP

IABE endilcasyony
Secilmed

Bilitmiyor
Hemodinamil Tnstabilite
PTCA Destedi

TUnstabi Angna
CTB Cilugt
Proflakcnikc

CPB'tan cikigta rititn

CPB'tan pikigta pacemaker modu

CPB'tan gﬂusta-inotrop- gerelesinimi (ugflgfdal)
Yok

Dopamin

Dobutarnn

Adrenalin

MNoradrenalin (Levophed)
Phenylephrine (Meo-Synephrine)
Ifilnnone (Primacor)

lIsoprenann (Teeproternal, Isuprel)
Aramine (MWetaraminol)

Levosimendan

Perfiiyonist

0="Teak
1=Var
-1 =Zeplmed

True/Falze

True/False
\True/False
| True/False

True/False

0=Teak

1 = Preoperatif talld:
2= Int_raoperatj_f talolds
3 = Postoperatif talaldy
4 = Bilintriyor

-1= Sepilmedi

TruefFalse
True/Falze
'TruefFalse
True/False
TruefFalse
TruefFalse
True/False
0D=N5R
1= AF i Flutter
2=1 derece AV blok
3=2 derece AV blok
4 = AV -tam blok
-1 = Sepilmedi
0 = Gereksimm yolc
1=VVI
2=DDD
-1= Sepilmedi

' TrueFalse
'TruefFalze
Text
True/False
(Text
' TrueFalse
Text
TruefFalse
(Text
'TrueFalse
Text
TruefFalze
(Text
'TruefFalse
Text
TruefFalze
‘Tesxt
'True/False
Text

Options
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Perfiiyonist
Parameter Name
Kardiyopulmoner bypasstan gilagta Swan-Ganz Parametreleri

|Ststelik Pulmoner Arter Basmer (mm-Hg) | Texzt
Diastolik Pulmoner Arter Basmet (mm-Hg) Text
Mean Arter Basinct (mm-Hg) (Text
Pulmoner Eapiller Wedge Basme: (mm-Hg) | Text
CWP (mm-Hg) | Text
iz Vendz Saturasyon | Text
iﬁ&ﬁop‘eraﬁt&f kanmunlen (umte’) :

Eritrosit (Text
|Taze donmug plazma | Text
Trombosit Text
Eryopersipitat Text
CPB swaswnda kan gan degerleri '
‘En dagik Ph | Text
En yiksek BE | Texzt
\En diygiikc Hb fText
En digik Het | Text

En ywiksek PCo2 Text

Options

96




APPENDIX B. TURKOSCORE PARAMETERS

Figure B.14: Postoperative and intensive care unit parameters

Postoperatif ve Yogun Bakim Bilgileri

Parameter Name
|G gis tip dranaj il & saat (ml)
Gégns tip dranap ik 24 saat (ml)
Postoper@ﬁf kanunmlen (mute:l
| Otolog tam kan
Homolog tam kan
Entrosit
|Taze donmug plazma (FFP)
Trombosit
Eryopersipitat

Amelivathane ekstibe edildi

.Toplam postoperatit ventilasyon siresi (zaat)
Tik 24 saatteki peal kan gekeri
e 24 saatte verilen insilin dom

:'Yog'_lm-'Baklméa inotropik destek (pg‘kgfdak}
Tok

Dopatmin

Deobutarmm

Adrenalin

Moradrenalin (Levophed)
éhenylephrine (IMeo-=ynephrine)
.I\f'.[ih'inone (Primacor)

.Isoprena]jn {Iseproterncl, Isuprel)
Aramine (Wetaraminol)

Lewosimendan

Swatl-Ganz Parametreler

Sistolik Pulmoner Arter Basiner (mmHg)
\Diastolile Pulmoner Arter Basmer (mmHg)
Mean Arter Basinet (tninHg)

\Pulmoner Kapiller Wedge Basmer (mmHg)

CWVP (mmHg)
Mz Venéz Saturasyon

Eedon dren

Redon drenden drenaj milctan

| Text
| Text

| Text

Text

(Text
fText

Text

| Text
|0 =Hayr

1 = Ewet

1= Segilmedi

Text

(Text
\Text

‘TrueFalze
True/False
| Text

TruefFalse

|Text
| True/False

Text
TruefFalse

‘Text
True/Talze
| Text

True/False

| Texzt
| True/False

Text
True/False

| Text
[ True/False

Text

(Text

Options
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Figure B.15: Complication parameters
Komplikasyon Bilgileri

Parameter Name

Tarih

Cipr eratif E omplikasyonlar

Serilmedi

Tok

K anarnal tamponat nedeniyle reoperasyon
Eapal disfonksiyonu nedeniyle recperasyon
Greft ollizyenu nedetuyle recperasyon
L spast nedeniyle reoperasyon

Dhger kardivak nedenlerle reoperasyon

Options

0= Sepilmed
0= Zepilmed
0 = Septlmed:

True/False
True/False
True/False

:TruefP alse

True/False
True/False

| True/False

0 = Hayr

Drigiile kalp debisi sendromu (Low cardiac output syndrom 1 = Evet

Pertoperanf 1T

Tent gelisrmg atnal fibnlasyon

Elektrik kardiyoversiyon gereksinirm

Ealp blagn

Ealict kalp pili gerelsmtm

MNérolojk komplikasyonlar

FPulmoner komplikasyonlar
Segimedi

Tok

Reentitbasyon

Tzarmug ventilasyon

| Pulmener emboli

Prémon

Eenal komplitasyonlar

Peak postoperatt kreatinin (mg/dL)

WVaskiiler komplikasyonlar

-1 = Sepilmedi
0 = Hayir

1 =Ewet

-1 =Zepilmed
0=Tek
1=Var

| -1 =Gecilmedi

0=TYok
1=Var

| -1=Eegilmedi

0=Teak

1=Var

-1 =Zeplmed

0=Tok

1="Var

-1 = Sepilmedi

0="Teok

1 =Postoperatif stroke > 72 saat fazla
2 = Gerict nérolojike defisit
3=FKoma > 24 saat

-1 = Sepilmedi

[ True/False

True/False
True/False
True/False

:TruefP alse

True/False

0=Teak

1 = Bébrek yetmezlifi
2 = Diyaliz gereksinirm
-1 = Sepilmedi

0=Tok

1 = Miak/femeral disselesiyen
2 = Akt ekstrermite 1skermst
3 = Derin ven trombozu

-1 = Sepilmed
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-1= Sepilmedi

Komplikasyon Bilgileri
Parameter Name Options
Gasn'omtestjhalkqmp]ﬂ«;asyonlar
Secilmedi | True/False
Tok True/False
Gastrointestinal kanama True/False
Gastromtestinal perforasyon | True/False
Pankreatit TruefFalse
Eolesistit \True/False
Ilezentenk iskeru True/False
Infekeiyon
Serilmedi | True/False
Tolk ' TrueFalse
Sternumn-yiizeyel True/False
Sternum-derin | True/Falze
Toralotormi True/False
Bacalk | True/False
\Fadial trasesi | True/False
Septizetn TruefFalze
Diger | True/False
Tdrar yolu True/False
0=Tok
Tulti-organ yetmezhg 1=Var
-1 = Sepilmedi
0=Teak
Eardivak arrest 1=Var
-1 = Sepilmed
0=Tek
Antikoagilasyon komplitasyvonlan [1=Var
| -1 =Gecilmedi
0=Tok
| Aort disselestyom 1=Var
| -1 =Zecilmedi
0="Teak
Perikardial tarponad 1=Var
| -1=Eecimedi
0=¥ek
. L 1 = Perloitan
Trakeoston gerelosinimt 5 — Cerrahi
-1 = Zepilmed
0 = Hayir
Trakeostomt Lokal komplikasyonlan 1 =Ewet
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Parameter Name
Taburculuk srrasmda Antiagregan tedawt
=epilmedi
Eullanmryor
HAszpirin
Elopidogrel (Tscower, Plaviz, Karum)
Diger

Taburculuk srasmda Antioagilan tedawi

Taburculuk sirasmda Lipad digirici

Taburculuk sirasmda Betabloker

Taburcululk sirasinda ACE inhibitéri

Taburculuk srasinda ARB

Taburculuk swasmda K alsiyum antagonist

Taburcululk srasmda Diiretik
Secilmedi

Tok

Loop diretiden

E tutucu diiretik

Taburculuk srrasmda Dijital

Taburculuk swasinda Antiaritrmle

Taburculuk srasmda Steroid
=epilmedi

Eullanmryor

Ciral sterond

Inhaler steroid

Taburculuk srasmda Imminsupressif tedavi

Taburculuk sirasmda Analjezile gerelosinim

True/False

'True/False
‘True/False

True/Falze
True/False

0 = Eullanrmayor
1 = Eumadmn
-1=Sepilmedi
0=TYok
1=Var

-1 =Zeplmed
0=TYok
1=Var

| -1 =Gegilmedi

0="Teak
1=Var
-1=Sepilmed
0=Tek
1=Var
-1 = Sepilmedi
0="Tok
1=Var
-1 = Seplmedi

TruefFalse

‘TrueFalse
‘TrueFalze

True/False
0=Tok
1=Var

| -1=Eegilmedi

0=TYok

1 = Cordarone
2 = Diger

-1 = Sepilmed

True/False

' True/False
| True/False

TruefFalze
0=TYok
1=Var

-1 =Zeplmed
0=TYok
1=HNS8AIDS

Figure B.16: Medication parameters while discharging from hospital
Taburculukta Medikasyon Bilgileri

Options

2= COX - Z mhibitérleri

3 = Narkotik analjesi

-1 =Zeplmed
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Figure B.17: Follow-up parameters
Takip Bilgileri

Parameter Name

Takibe geldidi tarth

Operasyondan sonra kagmer giin

Tekrar bagwuru nedent

Eitm statusu
Secilmed
|3inids ritm
AFAutter
Gegirilms VIWE
VES

Tent geligmig atnal fibrilasyon

Elektrik kardiyoversiyon gereksinirm

Stroke

Options

Text

Text
| Text
|otomatik

0=Tek

1 = Antikoagilan komplikasyonu-Valular

2 = Antikoagilan komplikasyom-Farmalkolojik

3 = ArimEalp Blogu

4 = Eonjestf Kalp Yetmezhif

5 = Myokard Infarkrien vefveya Tekrarlayan Angina
& = Penkardival Efizyon vefveya Tamponat

7 = Pnémon vey difer pulmoner komplikasyonlar
8 = Eapak Disfonkstyonu

9 = Denn Sternal infelestyon mediastint

0= T.nfeksiyon—Kondﬁit rikarilma Yen

11 = Bébrek Yetmezlif

12 = Gegici Marolojik problemler (TTA, CVA gibi)
12 = Ealict Cerebrovaskiler Hasar

14 = Alet Vaskilar K omplikasyon

15 = Subakut Endokardit

16 = Diger — Mighkeili Tekrar Bagwur

17 = Diger — lligkisiz Tekrar Bagnuu

18 = Perlitan K oroner gigitn

19 =EFedo CABG

20 =TABP veya LVAD gerelesinimi

21 =Derin Ven Trombom

22 = Pulmoner Embol

23 = Hepann mduced trombositojen

-1 = Sepilmedi

| True/False
| True/False

True/False
True/False

True/False

0=Tok
1=Var
-1 = Sepilmedi
0=Teak
1=Var
-1 = Sepilmed
0=Tek
1=Var

| -1 =Gecilmedi

0= Yok
1=Var
-1=Sepilmedi
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Takip Bilgileri
Parameter Name Options

Infelksiyon
=epilmedi True/False
Yok 'TruefFalse
Sternum-yizevel 'TruefFalze
Sternum-derin True/Falze
Toralkcotormt TrueFalse
Bacal \True/False
\Radial trasesi | True/False

0=Tek
Dyyaliz gerelosiitn 1=Var

-1 = Sepilmedi
HAort proter gradient Maksmum Text
HAort protez gradient Ortalarna Text
Mitral protez gradient Mlalesimmm Text
Iufitral protez grafientt Crtalama (Text

0 = Hayir
Taburculuk sonras mertalite 1=Ewet

-1=Sepilmedi
Taburculuk sonrast primer Sliim nedetn
Secilmedi 'True/False
Bilntruyor TruefFalse
I True/False
Stroke (Marolojilk) True/False
Wentrikiiler takiaritrni \True/False
Estilesen kalp vetmezlifi True/False
Eardiyak tamponad TruefFalse
Eardivojeni golk ‘TruefFalze
Eapak protez komplikasyonu 'TruefFalse
Pulmoner embolizm TrueFalse
Penfenik arter hastalig TruefFalse
Lort disselostyon [ mptini | True/False
| Pulmoner yetrnezil | True/False
Eenal vetmexzlik True/False
Infekesiyon, septik sok True/False
Hemoran ' TrueFalse
Multiorgan yetmezli 'TruefFalze
Eanger True/Falze
Diger True/False

0 = Hayir
Citopsi yaptmg mm? 1=Ewet

-1=Sepilmedi
Citopsi Raporu Text
Follow-up bulgular Text
EEC Raporu Text
Tekrar Hataneye Yatig Text
Talip swrasmda Anbagregan tedaw
=erilmedi ' True/False
Eullanrmryer | True/False
Lspirin TruefFalse
Klopidogrel Tecover, Plaviz, Karumm) True/Falze
Diger ‘TruefFalse
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Takip Bilgi
Parameter Name Options

Takip swrasmda Antioagilan tedawvi

Takip swrasmda Lipid dogiricn

Takip sirasmda Betabloker

Takip swrasmda ACE mhuibitérii

Takip swrasmda ARE

Takip swrasmda K alstyum antagonist

‘Takip sirasmda Ditiretilc
Secilmed

Yok

Loop dioretidert

K mmcu dioretilk

\Taldp swasmda Dytal

Takip swrasmda Anbantmile

Taldp sirasinda Steroid
|Segilmedi

Eullanmryor

|Oral steroid

Inhaler steroid

Takip sirasmda Inminsupressif tedav

0 = Eullarrmiyor
1 = EKumadin

| -1=Zegimed
0=Tek

1=Var
-1 = Sepilmedi
0=Tek
1=Var
-1=Sepilmedi
0= Yok

[1=Var
| -1=Eegilmedi

0=Tak
1=Var

| -1 =Gegilmedi

0= Yok
1=Var
-1=Sepilmedi

ETruefP alse
| True/False

True/False

' True/False

0=TYok
1=Var

| -1=Zegimed
0=Tek

|1 =Cordarone

2 =Diger
-1 =Zepilmed

fTruefP alse
True/False

TruefFalse

fTruefPalse
0=Tek

1=Var
-1= Sepilmedi
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Figure B.18: Mortality parameters

104

Mortalite Bilgileri

Parameter Name

Options

Ciliztn tarihi

Mortalite; operasyondan sonra kacinct gin

Cliym yerd

Crperatf mortalite

Hastane mortalites:

Cperasyondan sonra ilk 30 ginde mortalite

Ciperasyondan sonra ik wil mortalite

Ciperasyondan sonra ik 5 il mortalite

Postoperatif hastanede kahg sires: (gin)

Cperasyondan sonra 30 gin ipinde telorar hastaneye vabg

|0 = Zegimed

1= Operasyonda

4 = Bagka Bir Departmanda

-1 = Sepilmedi
0="Teak
1=Var

-1 = Sepilmedi
0=Tek
1=Var
| -1 =Gegilmedi
0="Teok
1=Var
| -1 =Zecilmedi
0="Teak
1=Var

-1 = Sepilmed
0=Tok
1=Var

-1= Sepilmedi
0=Tok

4 = Eonjestif kalp yetmezligi

0= Sepilmed
0= Zepilmed

2 = Hastanede
3=EFEwde

5= EReoperasyon sonrasinda

1 = Kanatma e g antikoagulan komplikasyotn
2 = Eapak trombozu ile dgih antikoagulan kompliltasyom

3 = Aritrni, kalp blogu

5 = Miyokard infarktisi
£ = Rekirren anjina pectoris
7 = Perkardiyal efiizyon veya tamponad
& = Pnémont veya dier respiratuar kemplikasyonlar
9 =Eapak disfonlsivon
10 = Deerin sternal enfelksivon
11 = Viizeyel sternal enfelesiyon
12 = Eonduit alma bélgesinde enfelesiyon
12 = Renal vetmezlik
14 =TL&
15 = Eales CVA
16 = Akt vaskiler komplikasyon
17 = Subacute Endokardit
18 = VAD komplikasyomm
19 = Transplant Rejeksiyvonu
20 = Tekrar yatiza neden olan diger nedenler
{operasyonla gl
21 = Tekrar vatiga neden olan difer nedenler
(operasyotla dgisiz)
-1= Sepilmedi
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Mortalite Bilgileri

Parameter Name

Cperasyondan sotra il 20 ginde telerar vatipta uygulanan
proseditler

Primer shim nederd
Serilmed

Bilinmiyor

M

Strokee (Mérologl)
Wentrikiler taldaritin
Estilegen kalp vetmezlify
Kardivak tamponad
Eardiyojenik gok

Eapak protez komplicasyonu
Pulmoner ernbolizim
\Periferik arter hastahi
Lort disselesivon [ miptini
Pulmoner yetmezlilc

Eenal vetmeslik
Infeksivon, septile gol
Hemeorai

Iultiorgan yetmezlg
Eanser

| Diger

Citops vapidoug tm 7

Options

0=Tek

1 = Eanama nedeniyle tekrar operasyona ahnd
2 = Ealict pacemaker veya ATCD talold

3 = Perkiitan koroner gzt wygulands
4 = Perikardiotomi f pericardiosenter gerelsitinm
5 = Eoroner arter cerrahisi gerelksinirm

6 = Eapak cerrahisi gerelsinim
7 = Sternal debritman veya pektoral muscle flep
gerelosinitn

8 = Diyaliz gereksinim

9 = Vaskiller nedenh operasyon gerelksinirm

-1 =Zeplmed

True/False

' True/False
| True/False

TruefFalse
True/False

‘TrueFalze
True/False

True/False
TruefFalse
True/False

iTruefF alse

True/False
TruefFalse

‘TrueFalse
True/Talze
True/False

True/False
TruefFalse

ETruefP alse

0 = Hayir
1 =Ewet
-1 =Zeplmed
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EuroSCORE

Figure C.1: Description of EuroSCORE Risk Factors

Risk factor

Defmition

Lge

Sex

Chromnic pulmonary disease

Extracardiac arteriopathy
Meurological dysfunction disease
Previous cardiac surgery

Serum creatinine

Active endocarditis

Critical preoperative state
Thnstable angina

L3 dysfunction
Eecent myocardial infarct
Pulmonary hypertension

Emergency
Other than 1solated CABG

Surgery on thoracic acrta
Postinfarct septal rupture

{per 5 years or part thereof over 60 years)

female

longterm use of bronchodilators or stercids for lung
disease

any one or more of the following: claudication, carotid
occhusion or >50% stenosis, previous of planned
mtervention on the abdomminal acrta limb arteries or
carotids

severely affecting ambulation or day-to-day functioning
requiring opening of the pencardium

= 200m micromolL precperatively

patient still under antibictic treatment for endocarditis at
the time of surgery

any one of more of the following: ventricular tachycardia
or fibrillation or aborted sudden death, preoperative
cardiac massage, precperative ventilation before arrival m
the anaesthetic room, preoperative motropic support,
mtraaortic balloon counterpulsation or preoperative acute
renal failure {atuna or oliguna<10 mbthour)

rest angmna requiring 1w nitrates until arrival in the
anaesthetic room

moderate or LVEF20-50%

poot of LWEF =30

(=20 days)

Systolic PA pressure=60 mmHg

carried out on referral before the beginning of the next
working day

major cardiac procedure other than or in addition to
CABG

for disorder of ascending, arch or descending aorta
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Figure C.2: TurkoSCORE approximations

Risk Factor m FuroSCORE

Lge

Sex

Chronic pulmonary disease
Esxtracardiac arteriopathy

MNeurclogical dysfunction disease

Previous cardiac surgery
Serum creatinine

Active endocarditis

Critical precperative state
Tnstable angina

Approximation in TwlkoSCORE
Tag
Clitiziyet
Eronk obstriketif akcifer hastalig (K OAH)
Periferik arter hastalif
Serebrovaskiiler hastalilc
Gecinlms Foroner arter bypass cerratusi, Kapal: cerrahist,
Intraperilcardial veya binvik damar cerrahisi
Preoperatf Kreatinin degeri >2. 26 mgTl
Infeletif Endokardit; Poztf kan kiltin de mfeldf éntams:,
Ekolkardiyografide wejetasyon veya gérintileme yéntemlen ile
endokardit sntars, Prostetik kapak endokardit
Entik preoperatf status, VIVVE | Eestsitasyon, LABP, Ventlasyen,
Alout renal vetmeszlik
Unstakdl angina pelktoris
Woderate, Sol ventrikil ejelesivon frakstyonu kategorik olarak (Grade

)
Poor; Sol venrikil ejeksiyon fraksivonu kategork olarak (Grade IIT
LV dysfunction weya Grade TV)
Eecent myocardial mfarct Amelyat dncest gecinlmg M zamarm
Pulmonary hypertension Sistolik pulmener arter basinct dederi =60mmHg
Emergency Amelivat sncelifi (Act veva Salvaj)
Eoroner arter bypass cerrahisinin digmda veya ek olarak vapilan kalp
ameliyaty, Kapak cerrahisi, kalp nalkh, aort cerrahisi, karotis cerrahisi,
Eonjenital cerratust, Penferie damar cerratusi, difer Torasik
Cther that 1zolated CABG proseditler, Kardivale timer, perikard cerrabisi

Torasik aott cerrabusi
W mekantk komplikasyon

Surgery on thotracic acrta
Postinfarct septal rupture

Figure C.3: AUCs of EuroSCORE Risk Factors

FuroSCORE Risk Factor Feattwe AUC
Age 0.66380847
Sex 051788723
Chronic pulmonary disease 060317480
Extracardiac arteriopathy 055110460
MNeurological dysfunction disease 025567807
Previous cardiac surgery 0.22613000
Serum creatinine 0.52943734
Active endocarditis 050465630
Critical preoperative state 0.50445930
Unstable angina 0.55356680
LW dysfinction 062603654
Recent myocardial infarct 053118860
Fulmonary hypertension 051913655
Emergency 057011170
Other than isolated CABG 062655780
Surgery on thoracic acrta 056366193
FPostinfarct septal rupture 050832620
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Experiments

Figure D.1: TurkoSCORE Feature-AUC values

# Risk Factor AUC of risk factor
1| Crperasyon acthivet nedem 0778746766
2|Mitral Sistolik Tirim 077480160
3| Pulmeoner Ealler 0.74305560
4| Sistelik pulmoner arter basme deferifmmHg) 071272560
3| Amelivat dncest dispne (Y HA kasifikasyonuna gére) 070084625
6| Tatg srasnda gédis afrsm tanrmlanmas 069107145
T Wiacut kitle indez(BIT 0.68315870
8| Pultnoner Wheezing 068055560
3| Unstabil Angina (CCS klasifikasomna gire) 067287785

10| Yas 0.ET075970
11| E alsifiye aort 066417910
12| Operasyon éncest gecirlmig 1T 065748220
2ol Ventnloil Ejelestyon Fralestyonu kategonlo{Cardiak Cara
13| Metwork{CCH) of Ontario grading 064966154
14| Ameliyat éncest stabil Angma Pektons{CCS kasfilkasyonuna gére) 064518656
15| Ejekstyon Frakeyon degert 064627196
16| Gegirlmig atitrrd tedawvi vontemlert 064062500
17| Circuenflexz(»%50 darhi) 063928570
18| Operasyon Onceligi 062798440
15| Eronik Obstrienf Akciger Hastalif (KOAH) 062369543
20| Eonjestif Kalp Yetmezhigi 062231183
21| Aort Sistolik Tirim 0.61971840
22|infeletif Endoleardit 0.61908780
23|Eapak Cerrahist 061627805
24| &ort Kapak malstmum gradient (mmHg) 061422414
25| Toraks deformitesi 0.61071430
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# Rask Factor AUC of nisk factor
26| Trikiispid Tetmezlik 060776940
27| Aort Diastolile Ui 060662526
28| Agirhicdleg) 060416130
29 Gegirilmig ciddi aritri hikayesi 059806293
30] Sinus it 059670870
31| Zon Preoperatf Ereatinin Dilzesn 059443325
32|Hasta Koroner Arter Saym(>%050 darlk) 0.5%061766
33| Vans Sag 058768654
34| Aort Yetmerlik 058562790
35|Hipertansyon kategonk 058226470
36| Mitral Yetmezlike 057874200
37| Cperasyon nsidanst 057860010
38| 3ag Koroner Arter(=%50 darlic) 057678574
39 Preoperatt Diastolik kan basinct (mmHg) 057622095
40| Preoperatif Ortalama kan basmer (mmHg) 057259953
41|Pulmener Arter Sistolil URiriieni 0.57142860
42| Sigara hikayest 056858940
43|Bentall operasyonu 056837870
44| M alignite hikayest 056457925
45| Serebrovaskiler Hastalde 0564224410
48[ 50l Ventrikoil sistol-som cap-LVESD degen (tm) 056329066
47| Preoperatif resistasyon 056250000
48| Mabizlar- & tibialis posterior Sag 056250000
49 Mabizlae- 4 tibialis posterior Sal 056250000
S0|Periferk Arter Hastali 0.55843130
51| Preoperatf respirabér gerelosintm 055764160
SZ2|BEA 0.55555560
53| Mabizlar-4 dorsalis pedis Sal 0.55514705
54 Preoperatt Sistolik kan basinct (mmHg) 0.55381610
55| E oroner Bypass Cerrahisi 055271970
S6|Earacifer Hastalif 0.55059520
57| Boyicm) 0.54863140
58|Left Anterior Decending (=%50 darlil) 054861110
55| Perkiitan K oroner girigim ile operasyon aras sire 054723500
60|50l Ana Koroner Arter(LMMC A hastalii (%050 darldc) 054109883
6 1|Hepatomegali 0.54044120
62| Hiperlipidem 053863910
63| Gepirtlmig K oroner Cerrahist 053782940
6] Gegirtlmig W sayis 053658766
65| Hemodinamil Statug 0.53425175
66| AT Flutter 0.53473306
67| Gegirilmiz Intraperikardial veya biyilk damar Cerrahisi 053365180
68| Gepirtlmig Kapak Cerralus 0.53282845
65| Benal Yetmezlik 0.53132780
T0| 10 mekantk komplikasyon 053069770
T Dominant Koroner Arter 0.52754235
72| Karotis Thirimi Sel 0.52452530
73| K arotis Uit Sag 052438100
T4 Gegirilrms Perlettan K oroner girigim 0.52385220
75| Tiroit hastalil hikayest 0.52341420
76| Witral Diastolile Rulman 0.52281750
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# Risk Factor AUC of risk factor
T Varis 3ol 051838230
78| Earotiz Cerrahisi 0.51757705
79| Aritrra cerratus Radyo-Frekans veva microwave ablasyon 0.514135924
20|Periferik Damar Cerrabusi 051237386
21| Cinstyet 0.51180744
32|30l Ventrikill diastol-sonu gapt-LVEDD degen (mm) 0.51013290

Carpentier Tip Inormal kapalcpk (santral vetersizlilk, anniller dilatasyon
83| veya leaflet perforasyomi) 0.50939520
24| Zantral Yetmezik 0.50939520
35| Eoroner Arter Hastalifidile Hikayes 0508544380
6] 5ol Ventrikoil Anevrizma Onariru 050853163
87| Mabizdar- & dorsalis pedis Zag 050704230
2B|VIIWVE 0.50510204
B9 AV-tam blok 0.50510204
Carpentier Tip b, siste] srrasinda suurlanemg kapalcpk hareketi(iskemik
A0 veya dilate kardivomivopaty) 050510204
91| Anitrrd cerrabisi ATCD 0.50510204
92|IARF 0.50500080
93|AZ 0.50479870
Carpentier Tip I kapakeik prolapsikordal niptir veva
94| elongasyomu, papiller kas riptiril veya elongasyonu) 050429314
95| Ventrkiler Septal Defektiriptir onartmt 050429314
96| Diger Kardivak Prosedir 050227094
97| Diabetes Melliug 0.50200780
98| Mabizdar-Femoral arter Zag 050000000
99| Mabizdar-Femoral arter 3ol 050000000
100|Mabelar-Poplteal arter Sag 0.50000000
101 | Nakadar-Popliteal arter Sol 0.50000000
102|Mabizar- A radialis Sag 0.50000000
103 Mabazlar- & radialis Sol 050000000
104| Dominant EL 050000000

110



Appendix E

Rules Learned

E.1 Euroscore Risk factors

Rules learned:

If Age="64.99 .. PosInfinity” Then Risk=0.035772357, #cases=1845

If Age="59.103092 .. 64.99” Then Risk=0.013904982, #cases=863

If Age="NeglInfinity..59.103092” Then Risk=0.009031199, #cases=2436

If Sex="K” Then Risk=0.02238806, #cases=1474
If Sex="E” Then Risk=0.018959913, #cases=3692

If Chronic pulmonary disease="Yes” Then Risk=0.045622688, #cases=811
If Chronic pulmonary disease="No” Then Risk=0.015154994, #cases=4355

If Extracardiac artertiopathy=""Yes” Then Risk=0.056140352, #cases=285
If Extracardiac artertiopathy="No” Then Risk=0.017824216, #cases=4881

If Neurological dysfunction disease="Yes” Then Risk=0.053097345, #cases=339
If Neurological dysfunction disease="No" Then Risk=0.017609281, #cases=4827
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If Previous cardiac surgery="Yes” Then Risk=0.023361454, #cases=1541
If Previous cardiac surgery="No" Then Risk=0.018482758, #cases=3625

If Serum Creatinine="Yes” Then Risk=0.13207547, #cases=>53
If Serum Creatinine="No" Then Risk=0.01877567, #cases=5113

If Active Endocarditis="Yes” Then Risk=0.33333334, #cases=3
If Active Endocarditis="No” Then Risk=0.019755956, #cases=5163

If Critical preoperative state="Yes” Then Risk=0.2, #cases=5
If Critical preoperative state="No” Then Risk=0.019763611, #cases=5161

If Unstable angina="Yes” Then Risk=0.039215688, #cases=561
If Unstable angina="No" Then Risk=0.017589577, #cases=4605

If LV dysfunction="Poor” Then Risk=0.06666667, #cases=210
If LV dysfunction="Moderate” Then Risk=0.021932831, #cases=1459
If LV dysfunction="Good” Then Risk=0.011516315, #cases=3126

If Recent myocardial infarct="Yes” Then Risk=0.025020178, #cases=1239
If Recent myocardial infarct="No” Then Risk=0.018334607, #cases=3927

If Pulmonary hypertension="Yes” Then Risk=0.0877193, #cases=57
If Pulmonary hypertension="No” Then Risk=0.019181836, #cases=5109

If Emergency="Yes” Then Risk=0.0781893, #cases=243
If Emergency="No" Then Risk=0.017062766, #cases=4923

If Other than isolated CABG="Yes” Then Risk=0.05090909, #cases=825
If Other than isolated CABG="No" Then Risk=0.014052061, #cases=4341

If Surgery on thoracic aorta="Yes” Then Risk=0.08173077, #cases=208
If Surgery on thoracic aorta="No” Then Risk=0.017345704, #cases=4958
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If Postinfarct septal rupture="Yes” Then Risk=0.125, #cases=16
If Postinfarct septal rupture="No” Then Risk=0.019611651, #cases=5150

E.2 Turkoscore Risk factors

Rules learned:
If Cinsiyet="K” Then Risk=0.021023126,#cases=1427
If Cinsiyet="E" Then Risk=0.01880531, #cases=3616

If Yas="65.4 .. PosInfinity” Then Risk=0.036285363, #cases=1626
If Yas="59.1083 .. 65.4” Then Risk=0.015625, #cases=1024
If Yas="Neglnfinity..59.1083” Then Risk=0.008385744, #cases=2385

If Agirlik="Neglnfinity..63.39796” Then Risk=0.034418605, #cases=1075
If Agirlik="63.39796 .. 71.584175” Then Risk=0.02017291, #cases=1041
If Agirlik="71.584175 .. PosInfinity” Then Risk=0.013679891, #cases=2924

If Boy="Neglnfinity..148.11224” Then Risk=0.034782607, #cases=460
If Boy="148.11224 .. 156.74161” Then Risk=0.021520803, #cases=697
If Boy="156.74161 .. Poslnfinity” Then Risk=0.0172547, #cases=3883

If BSA="Neglnfinity..1.8646389” Then Risk=0.11764706, #cases=34
If BSA="1.8876595 .. PosInfinity” Then Risk=0.0952381, #cases=42
If BSA="1.8646389 .. 1.8876595” Then Risk=0.0, #cases=4

If BMI="33.022263 .. PosInfinity” Then Risk=0.2857143, #cases=7
If BMI="Neglnfinity..27.636835” Then Risk=0.11627907, #cases=43
If BMI="27.636835 .. 33.022263” Then Risk=0.033333335, #cases=30

If AmeliyatOncesiAnjinaPektoris="Zero” Then Risk=0.060240965, #cases=83
If AmeliyatOncesiAnjinaPektoris="Four” Then Risk=0.038674034, #cases=543
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If AmeliyatOncesiAnjinaPektoris="One” Then Risk=0.025996534, #cases=1154
If AmeliyatOncesiAnjinaPektoris=""Three” Then Risk=0.019812305, #cases=959
If AmeliyatOncesiAnjinaPektoris="Two” Then Risk=0.009713229, #cases=2162

If UnstablAnjina="Four” Then Risk=1.0, #cases=1

If UnstablAnjina="Two” Then Risk=0.5, #cases=2

If UnstablAnjina="Zero” Then Risk=0.07575758, #cases=66
If UnstablAnjina="0One” Then Risk=0.0, #cases=6

If UnstablAnjina="Three” Then Risk=0.0, #cases=1

If KardiyakPrezantasyon="Four” Then Risk=1.0, #cases=1

If KardiyakPrezantasyon=""7ero” Then Risk=0.0882353, #cases=34
If KardiyakPrezantasyon="Two” Then Risk=0.05263158, #cases=19
If KardiyakPrezantasyon=""Three” Then Risk=0.0, #cases=5

If KardiyakPrezantasyon="0One” Then Risk=0.0, #cases=1

If KardiyakPrezantasyon="Five” Then Risk=0.0, #cases=1

If AmeliyatOncesiDispne="Four” Then Risk=0.14166667, #cases=120

If AmeliyatOncesiDispne="Three” Then Risk=0.049152542, #cases=590
If AmeliyatOncesiDispne="Two” Then Risk=0.015881708, #cases=1826
If AmeliyatOncesiDispne="0One” Then Risk=0.009716941, #cases=2367

If KojestifKalpYetmezligi="0One” Then Risk=0.14438502, #cases=187
If KojestifKalpYetmezligi="Zero” Then Risk=0.015040825, #cases=4654

If HemodinamikStatus="Three” Then Risk=0.35, #cases=20
If HemodinamikStatus="0One” Then Risk=0.017989207, #cases=5003

If HemodinamikStatus="Two” Then Risk=0.0, #cases=2

If VT /VF="Yes” Then Risk=1.0, #cases=1
If VT /VF="No” Then Risk=0.019238397, #cases=5042

If IABP="Yes” Then Risk=0.5, #cases=2
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If IABP="No" Then Risk=0.019242214, #cases=5041

If DM="Yes” Then Risk=0.019704433, #cases=1421
If DM="No” Then Risk=0.019326339, #cases=3622

If HipertansiyonHikayesi="Zero” Then Risk=0.14285715, #cases=28
If HipertansiyonHikayesi="One” Then Risk=0.11764706, #cases=34
If HipertansiyonHikayesi=""Two” Then Risk=0.022123894, #cases=2260
If HipertansiyonHikayesi=""Three” Then Risk=0.01472754, #cases=2716

If SigaraKullanimi="Two” Then Risk=0.1, #cases=10

If SigaraKullanimi="One” Then Risk=0.022564102, #cases=1950
If SigaraKullanimi="Four” Then Risk=0.021558871, #cases=1206
If SigaraKullanimi=""Three” Then Risk=0.012419007, #cases=1852

If AiledeKronerArter="Yes” Then Risk=0.019425675, #cases=2368
If AiledeKronerArter="No" Then Risk=0.018106375, #cases=2651

If Hiperlipidemi="Zero” Then Risk=0.021421617, #cases=3081
If Hiperlipidemi="Two” Then Risk=0.015665796, #cases=1915
If Hiperlipidemi="0One” Then Risk=0.0, #cases=27

If KOAH="Three” Then Risk=1.0, #cases=2

If KOAH="Two” Then Risk=0.375, #cases=8

If KOAH="0ne” Then Risk=0.05263158, #cases=19

If KOAH="Four” Then Risk=0.04144385, #cases=748
If KOAH="Zero” Then Risk=0.013653484, #cases=4248
If KOAH="Five” Then Risk=0.0, #cases=1

If RenalYetmezlik="0One” Then Risk=0.2, #cases=15
If RenalYetmezlik="Two” Then Risk=0.2, #cases=15
If RenalYetmezlik="Zero” Then Risk=0.016924959, #cases=4904
If RenalYetmezlik=""Three” Then Risk=0.0, #cases=1
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If SonPreopKreatinin="Three” Then Risk=0.13461539, #cases=52
If SonPreopKreatinin="0One” Then Risk=0.083333336, #cases=12
If SonPreopKreatinin=""Zero” Then Risk=0.06451613, #cases=62

If SonPreopKreatinin="Two” Then Risk=0.04488778, #cases=401

If KaracigerHastaligi="0One” Then Risk=0.25, #cases=4
If KaracigerHastaligi=""Z7ero” Then Risk=0.08, #cases=75

If Periferik ArterHastalik="Four” Then Risk=0.6666667, #cases=3
If Periferik ArterHastalik="0One” Then Risk=0.050724637, #cases=276
If PeriferikArterHastalik=""Zero” Then Risk=0.016799483, #cases=4643

If SerebrovaskulerHastalik="Six” Then Risk=0.22222222, #cases=9

If SerebrovaskulerHastalik=""Three” Then Risk=0.0882353, #cases=34

If SerebrovaskulerHastalik=""Two” Then Risk=0.04761905, #cases=273
If SerebrovaskulerHastalik="Zero” Then Risk=0.016999574, #cases=4706
If SerebrovaskulerHastalik="0One” Then Risk=0.0, #cases=13

If SerebrovaskulerHastalik="Five” Then Risk=0.0, #cases=2

If SerebrovaskulerHastalik="Four” Then Risk=0.0, #cases=5

If Endokardit="Four” Then Risk=1.0, #cases=1
If Endokardit="Two” Then Risk=0.5, #cases=2
If Endokardit=""Zero” Then Risk=0.07594936, #cases=79

If Tiroid="Two” Then Risk=0.056074765, #cases=107
If Tiroid="Zero” Then Risk=0.01764831, #cases=4703
If Tiroid="One” Then Risk=0.0, #cases=3

If Tiroid="Three” Then Risk=0.0, #cases=1

If MaligniteHikayesi="Yes” Then Risk=0.5, #cases=2
If MaligniteHikayesi="No” Then Risk=0.07692308, #cases=78
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If AritmiHikayesi="One” Then Risk=1.0, #cases=1

If AritmiHikayesi="Four” Then Risk=0.125, #cases=8

If AritmiHikayesi="Zero” Then Risk=0.08928572, #cases=56
If AritmiHikayesi="Three” Then Risk=0.0, #cases=1

If AritmiTedavi="Two” Then Risk=1.0, #cases=1
If AritmiTedavi="Three” Then Risk=1.0, #cases=1
If AritmiTedavi="Zero” Then Risk=0.08, #cases=75
If AritmiTedavi="Four” Then Risk=0.0, #cases=3

If PerkutenKronerSonHafta="Nine” Then Risk=0.12, #cases=25

If PerkutenKronerSonHafta=""Zero” Then Risk=0.019007653, #cases=4051
If PerkutenKronerSonHafta=""Two” Then Risk=0.01459854, #cases=137
If PerkutenKronerSonHafta="Eight” Then Risk=0.0, #cases=1

If PerkutenKronerSonHafta="0One” Then Risk=0.0, #cases=39

If PerkutanKoroner="Two” Then Risk=0.11764706, #cases=34
If PerkutanKoroner="7Zero” Then Risk=0.0882353, #cases=34
If PerkutanKoroner="0ne” Then Risk=0.0, #cases=1

If MISayisi="Three” Then Risk=0.22222222 #cases=9

If MISayisi="Two” Then Risk=0.024922118, #cases=321
If MISayisi="0One” Then Risk=0.02125, #cases=1600

If MISayisi="Zero” Then Risk=0.017820425, #cases=2918

If MiyokardinfarktusZamani="One” Then Risk=0.09677419, #cases=62

If MiyokardinfarktusZamani="Zero” Then Risk=0.0754717, #cases=53

If MiyokardinfarktusZamani="Three” Then Risk=0.05882353, #cases=17

If MiyokardinfarktusZamani=""Two” Then Risk=0.029411765, #cases=34

If MiyokardinfarktusZamani="Four” Then Risk=0.023952097, #cases=668
If MiyokardinfarktusZamani="Five” Then Risk=0.015555556, #cases=450
If MiyokardinfarktusZamani="Six” Then Risk=0.011764706, #cases=680
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If PreopRespiratorGereksinimi="Yes” Then Risk=0.3, #cases=10
If PreopRespiratorGereksinimi="No” Then Risk=0.042105265, #cases=475

If PreopResustasyon=""Yes” Then Risk=1.0, #cases=1
If PreopResustasyon="No” Then Risk=0.085365854, #cases=82

If SinusRitmi="No” Then Risk=0.038038038, #cases=999
If SinusRitmi="Yes” Then Risk=0.014836796, #cases=4044

If AF/flutter="Yes” Then Risk=0.04379562, #cases=274
If AF/flutter="No” Then Risk=0.01803313, #cases=4769

If AVbloktam="Yes” Then Risk=1.0, #cases=1
If AVbloktam="No" Then Risk=0.019238397, #cases=5042

If SistolikKanBasinci=" Neglnfinity..115.71429” Then Risk=0.10344828, #cases=29

If SistolikKanBasinci="115.71429 .. 121.12329” Then Risk=0.0952381,
#cases=21
If SistolikKanBasinci="121.12329 .. PosInfinity” Then Risk=0.06666667,
#cases=30

If DiyastolikKanBasinci=" Neglnfinity..68.57143” Then Risk=0.115384616, #cases=26

If DiyastolikKanBasinci="68.57143 .. 72.61644” Then Risk=0.09090909,
#cases=22
If DiyastolikKanBasinci="72.61644 .. PosInfinity” Then Risk=0.0625,
#cases=32

If OrtalamaKanBasinci="Neglnfinity..74.57143” Then Risk=0.12903225, #cases=31
If OrtalamaKanBasinci="74.57143 .. 78.03278” Then Risk=0.1, #cases=10

If OrtalamaKanBasinci="78.03278 .. PosInfinity” Then Risk=0.074074075,
#cases=27

If KarotisufurumuSag="No" Then Risk=0.042505592, #cases=447
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If KarotisufurumuSag="Yes” Then Risk=0.027027028, #cases=T74

If KarotisufurumuSol="No” Then Risk=0.042600896, #cases=446
If KarotisufurumuSol="Yes” Then Risk=0.027027028, #cases=74

If PulmonerRaller="Yes” Then Risk=0.33333334, #cases=15
If PulmonerRaller="No” Then Risk=0.046153847, #cases=65

If Pulmonerwheezing="Yes” Then Risk=0.2857143, #cases=14
If Pulmonerwheezing="No" Then Risk=0.060606062, #cases=66

If Toraksdeformitesi="Yes” Then Risk=0.5, #cases=4
If Toraksdeformitesi="No” Then Risk=0.08108108, #cases=74

If Mitraldiastolikrulman="Yes” Then Risk=0.125, #cases=8
If Mitraldiastolikrulman="No” Then Risk=0.08450704, #cases="71

If Mitralsistolikufurum="Five” Then Risk=0.5, #cases=2

If Mitralsistolikufurum="Two” Then Risk=0.2857143, #cases=7

If Mitralsistolikufurum=""Three” Then Risk=0.18181819, #cases=11
If Mitralsistolikufurum=""=7ero” Then Risk=0.03508772, #cases=57
If Mitralsistolikufurum="Six” Then Risk=0.0, #cases=1

If Mitralsistolikufurum="Four” Then Risk=0.0, #cases=1

If Aortdiastolikufurum=""Yes” Then Risk=0.2857143, #cases=7
If Aortdiastolikufurum="No" Then Risk=0.072463766, #cases=69

If Aortsistolikufurum="0ne” Then Risk=1.0, #cases=1

If Aortsistolikufurum="7Zero” Then Risk=0.08695652, #cases=69
If Aortsistolikufurum="Three” Then Risk=0.0, #cases=3

If Aortsistolikufurum="Six” Then Risk=0.0, #cases=1

If Aortsistolikufurum="Five” Then Risk=0.0, #cases=2

If Aortsistolikufurum="Four” Then Risk=0.0, #cases=1
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If Aortsistolikufurum="Two” Then Risk=0.0, #cases=1

If PulmonerArterSistolik="0One” Then Risk=1.0, #cases=1
If PulmonerArterSistolik="Zero” Then Risk=0.077922076, #cases=77

If Hepatomegali="Yes” Then Risk=0.25, #cases=4
If Hepatomegali="No" Then Risk=0.097222224, #cases=T72

If VarisSag="Yes” Then Risk=0.2857143, #cases=7
If VarisSag="No" Then Risk=0.0882353, #cases=68

If VarisSol="Yes” Then Risk=0.14285715, #cases=T7
If VarisSol="No” Then Risk=0.10144927, #cases=69

If FemoralArterSag="Yes” Then Risk=0.101265825, #cases=79

If FemoralArterSol="Yes” Then Risk=0.1, #cases=80

If Popliteal ArterSag="Yes” Then Risk=0.1, #cases=80

If Popliteal ArterSol=""Yes” Then Risk=0.102564104, #cases=78

If DorsalisPedisSag="Yes” Then Risk=0.09090909, #cases=T77
If DorsalisPedisSag="No" Then Risk=0.0, #cases=1

If TibialisPosteriorSag="No” Then Risk=1.0, #cases=1
If TibialisPosteriorSag=""Yes” Then Risk=0.09090909, #cases=77

If DorsalisPedisSol="No" Then Risk=0.5, #cases=2
If DorsalisPedisSol="Yes” Then Risk=0.0945946, #cases=T74

If TibialisPosteriorSol="No” Then Risk=1.0, #cases=1
If TibialisPosteriorSol="Yes” Then Risk=0.093333334, #cases=75



APPENDIX E. RULES LEARNED 121

If RadialisSag="Yes” Then Risk=0.09589041, #cases=73

If RadialisSol="Yes” Then Risk=0.08974359, #cases=T78

If DominantEl="Zero” Then Risk=0.1, #cases=70

If DominantKoronerArter="0One” Then Risk=0.12765957, #cases=47
If DominantKoronerArter="7ero” Then Risk=0.1, #cases=20

If KoronerArterSayisi="Zero” Then Risk=0.03664122, #cases=655

If KoronerArterSayisi=""Three” Then Risk=0.018488085, #cases=2434
If KoronerArterSayisi="One” Then Risk=0.016706444, #cases=419

If KoronerArterSayisi="Two” Then Risk=0.01192843, #cases=1006

If LMCAHastaligi="No” Then Risk=0.043902438, #cases=410
If LMCAHastaligi="Yes” Then Risk=0.029850746, #cases=201

If Left AnteriorDescending="No” Then Risk=0.13043478, #cases=23
If Left AnteriorDescending=""Yes” Then Risk=0.0877193, #cases=57

If Circumflex="No” Then Risk=0.15384616, #cases=39
If Circumflex="Yes” Then Risk=0.051282052, #cases=39

If SagKoronerArter=""Yes” Then Risk=0.13157895, #cases=38
If SagKoronerArter="No” Then Risk=0.075, #cases=40

If SolVentrikulEjeksiyonFraksiyonu=""Three” Then Risk=0.067307696, #cases=208
If SolVentrikulEjeksiyonFraksiyonu="Z7ero” Then Risk=0.05179283, #cases=251
If SolVentrikulEjeksiyonFraksiyonu="Two” Then Risk=0.0220234, #cases=1453
If SolVentrikulEjeksiyonFraksiyonu="0One” Then Risk=0.0115644075, #cases=3113

If EjeksiyonFraksiyonuDegeri="Neglnfinity..54.545456” Then Risk=0.07042254,
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#cases=T1

If EjeksiyonFraksiyonuDegeri="54.545456 .. 62.35168” Then Risk=0.03076923,
#cases=65

If EjeksiyonFraksiyonuDegeri="62.35168 .. PosInfinity” Then Risk=0.01980198,
#cases=202

If SistolikPulmonerArterDegeri="53.185184 .. 60.23077” Then Risk=0.2173913,
#Hcases=23

If SistolikPulmonerArterDegeri="60.23077 .. PosInfinity” Then Risk=0.09090909,
#cases=bH

If SistolikPulmoner ArterDegeri=" NegInfinity..53.185184” Then Risk=0.030927835,
#cases=97

If LVESDdeger="5.5443597 .. 9.509999” Then Risk=0.5, #cases=2
If LVESDdeger="9.509999 .. PosInfinity” Then Risk=0.041666668, #cases=24
If LVESDdeger="Neglnfinity..5.5443597” Then Risk=0.02846975, #cases=281

If LVEDDdeger="9.940001 .. PosInfinity” Then Risk=0.04, #cases=25
If LVEDDdeger="Neglnfinity..8.690032” Then Risk=0.031468533, #cases=286

If AortStenozuPeakGradient="Neglnfinity..59.5” Then Risk=0.0952381, #cases=21
If AortStenozuPeakGradient="59.5 ..  75.05173” Then Risk=0.071428575,
#cases=14

If AortStenozuPeakGradient="75.05173 .. PosInfinity” Then Risk=0.037037037,
#cases=27

If AortYetmezlik="Two” Then Risk=0.16666667, #cases=6

If AortYetmezlik="Three” Then Risk=0.0952381, #cases=21
If AortYetmezlik="Zero” Then Risk=0.06557377, #cases=61
If AortYetmezlik="Four” Then Risk=0.05076142, #cases=197
If AortYetmezlik="0One” Then Risk=0.0, #cases=14

If KalsifiyeAort="0One” Then Risk=0.33333334, #cases=6
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If KalsifiyeAort="Two” Then Risk=0.25, #cases=4
If KalsifiyeAort=""Zero” Then Risk=0.0625, #cases=64

If MitralYetmezlik="Three” Then Risk=0.15789473, #cases=19
If MitralYetmezlik="Two” Then Risk=0.11111111, #cases=9

If MitralYetmezlik="Four” Then Risk=0.0777027, #cases=296
If MitralYetmezlik=""Zero” Then Risk=0.04347826, #cases=46
If MitralYetmezlik="0One” Then Risk=0.0, #cases=17

If MitralYetmezlikKlas0="Yes” Then Risk=0.2, #cases=10
If MitralYetmezlikKlas0="No” Then Risk=0.01907411, #cases=5033

If MitralYetmezlikKlas1="Yes” Then Risk=0.11111111, #cases=9
If MitralYetmezlikKlas1="No" Then Risk=0.019268971, #cases=5034

If MitralYetmezlikKlas3="Yes” Then Risk=1.0, #cases=1
If MitralYetmezlikKlas3="No” Then Risk=0.019238397, #cases=5042

If MitralScallop0="Yes” Then Risk=0.2, #cases=10
If MitralScallop0="No" Then Risk=0.01907411, #cases=5033

If MitralScallop5="Yes” Then Risk=0.25, #cases=4
If MitralScallop5="No" Then Risk=0.01924985, #cases=5039

If TrikuspidYetmezlik=""Three” Then Risk=0.22222222 #cases=9
If TrikuspidYetmezlik="0One” Then Risk=0.11764706, #cases=17
If TrikuspidYetmezlik=""Zero” Then Risk=0.0754717, #cases=b53
If TrikuspidYetmezlik="Four” Then Risk=0.0625, #cases=64

If TrikuspidYetmezlik="Two” Then Risk=0.0, #cases=2

If Onceligi="Three” Then Risk=0.14285715, #cases=35
If Onceligi="Two” Then Risk=0.067010306, #cases=194
If Onceligi="0One” Then Risk=0.05105105, #cases=333
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If Onceligi="Zero” Then Risk=0.014059362, #cases=4481

If AciliyetNedeni="Six” Then Risk=0.6666667, #cases=3

If AciliyetNedeni="Eight” Then Risk=0.5, #cases=2

If AciliyetNedeni="Two” Then Risk=0.33333334, #cases=3
If AciliyetNedeni="Ten” Then Risk=0.25, #cases=4

If AciliyetNedeni="Four” Then Risk=0.2, #cases=>5

If AciliyetNedeni="0One” Then Risk=0.083333336, #cases=36
If AciliyetNedeni="Five” Then Risk=0.083333336, #cases=12
If AciliyetNedeni="Zero” Then Risk=0.029411765, #cases=34
If AciliyetNedeni="Three” Then Risk=0.027777778, #cases=36
If AciliyetNedeni="Seven” Then Risk=0.0, #cases=5

If AciliyetNedeni="Nine” Then Risk=0.0, #cases=1

If Insidans=""Three” Then Risk=0.09859155, #cases=T71
If Insidans="Two” Then Risk=0.078947365, #cases=152
If Insidans="0One” Then Risk=0.01629413, #cases=4787
If Insidans="Four” Then Risk=0.0, #cases=13

If Insidans="Five” Then Risk=0.0, #cases=1

If GecirilmisKoronerArterBaypas="Yes” Then Risk=0.101123594, #cases=89
If GecirilmisKoronerArterBaypas="No” Then Risk=0.017965281, #cases=4954

If GecirilmisKapakOperasyonu="Yes” Then Risk=0.09195402, #cases=87
If GecirilmisKapakOperasyonu="No" Then Risk=0.018159807, #cases=4956

If GecirilmisDigerOperasyon="No" Then Risk=0.021189895, #cases=3681
If GecirilmisDigerOperasyon=""Yes” Then Risk=0.014684288, #cases=1362

If KoronerCerrahisi="No” Then Risk=0.031105991, #cases=868
If KoronerCerrahisi="Yes” Then Risk=0.017005987, #cases=4175

If KapakCerrahisi="Yes” Then Risk=0.049071617, #cases=754
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If KapakCerrahisi="No” Then Risk=0.014222429, #cases=4289

If KarotisCerrahisi="Yes” Then Risk=0.125, #cases=32
If KarotisCerrahisi="No” Then Risk=0.018758731, #cases=5011

If PeriferikdamarCerrahisi="Yes” Then Risk=0.09375, #cases=32
If PeriferikdamarCerrahisi="No” Then Risk=0.018958291, #cases=5011

If KardiakProsedurl="Yes” Then Risk=0.042857144, #cases=70
If KardiakProsedurl="No” Then Risk=0.019103156, #cases=4973

If KardiakProsedur6=""Yes” Then Risk=0.11111111, #cases=9
If KardiakProsedur6="No" Then Risk=0.019268971, #cases=5034

If KardiakProsedur9="Yes” Then Risk=0.060606062, #cases=66
If KardiakProsedur9="No” Then Risk=0.01888688, #cases=4977

If KardiakProsedur13="Yes” Then Risk=1.0, #cases=1
If KardiakProsedur1l3="No" Then Risk=0.019238397, #cases=5042

If KardiakProsedur20="Yes” Then Risk=0.072, #cases=250
If KardiakProsedur20="No" Then Risk=0.016691009, #cases=4793

If KardiakProsedur24="Yes” Then Risk=0.03448276, #cases=29
If KardiakProsedur24="No” Then Risk=0.019345831, #cases=5014

If MImekanik="Yes” Then Risk=0.2, #cases=10
If MImekanik="No” Then Risk=0.051685393, #cases=445
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E.3 Best rules learned

Rules learned:

If Yas="65.4 .. PosInfinity” Then Risk=0.036285363, #cases=1626
If Yas="59.1083 .. 65.4” Then Risk=0.015625, #cases=1024

If Yas="Neglnfinity..59.1083” Then Risk=0.008385744, #cases=2385

If Agirlik="Neglnfinity..63.39796” Then Risk=0.034418605, #cases=1075
If Agirlik="63.39796 .. 71.584175” Then Risk=0.02017291, #cases=1041
If Agirlik="71.584175 .. PosInfinity” Then Risk=0.013679891, #cases=2924

If BMI="33.022263 .. PosInfinity” Then Risk=0.2857143, #cases=7
If BMI="Neglnfinity..27.636835" Then Risk=0.11627907, #cases=43
If BMI="27.636835 .. 33.022263” Then Risk=0.033333335, #cases=30

If AmeliyatOncesiAnjinaPektoris="Zero” Then Risk=0.060240965, #cases=83

If AmeliyatOncesiAnjinaPektoris="Four” Then Risk=0.038674034, #cases=543
If AmeliyatOncesiAnjinaPektoris="One” Then Risk=0.025996534, #cases=1154
If AmeliyatOncesiAnjinaPektoris=""Three” Then Risk=0.019812305, #cases=959
If AmeliyatOncesiAnjinaPektoris="Two” Then Risk=0.009713229, #cases=2162

If UnstablAnjina="Four” Then Risk=1.0, #cases=1

If UnstablAnjina="Two” Then Risk=0.5, #cases=2

If UnstablAnjina="Zero” Then Risk=0.07575758, #cases=66
If UnstablAnjina="0One” Then Risk=0.0, #cases=6

If UnstablAnjina="Three” Then Risk=0.0, #cases=1

If KardiyakPrezantasyon="Four” Then Risk=1.0, #cases=1

If KardiyakPrezantasyon="Zero” Then Risk=0.0882353, #cases=34
If KardiyakPrezantasyon="Two” Then Risk=0.05263158, #cases=19
If KardiyakPrezantasyon=""Three” Then Risk=0.0, #cases=5b

If KardiyakPrezantasyon="0One” Then Risk=0.0, #cases=1

If KardiyakPrezantasyon="Five” Then Risk=0.0, #cases=1
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If AmeliyatOncesiDispne="Four” Then Risk=0.14166667, #cases=120

If AmeliyatOncesiDispne="Three” Then Risk=0.049152542, #cases=590
If AmeliyatOncesiDispne="Two” Then Risk=0.015881708, #cases=1826
If AmeliyatOncesiDispne="0One” Then Risk=0.009716941, #cases=2367

If KojestifKalpYetmezligi="0One” Then Risk=0.14438502, #cases=187
If KojestifKalpYetmezligi=""Zero” Then Risk=0.015040825, #cases=4654

If HipertansiyonHikayesi="Zero” Then Risk=0.14285715, #cases=28
If HipertansiyonHikayesi="One” Then Risk=0.11764706, #cases=34
If HipertansiyonHikayesi=""Two” Then Risk=0.022123894, #cases=2260
If HipertansiyonHikayesi=""Three” Then Risk=0.01472754, #cases=2716

If SigaraKullanimi="Two” Then Risk=0.1, #cases=10

If SigaraKullanimi="One” Then Risk=0.022564102, #cases=1950
If SigaraKullanimi="Four” Then Risk=0.021558871, #cases=1206
If SigaraKullanimi="Three” Then Risk=0.012419007, #cases=1852

If KOAH="Three” Then Risk=1.0, #cases=2

If KOAH="Two” Then Risk=0.375, #cases=8

If KOAH="0ne” Then Risk=0.05263158, #cases=19

If KOAH="Four” Then Risk=0.04144385, #cases=748
If KOAH="Zero” Then Risk=0.013653484, #cases=4248
If KOAH="Five” Then Risk=0.0, #cases=1

If SonPreopKreatinin=""Three” Then Risk=0.13461539, #cases=52
If SonPreopKreatinin="0One” Then Risk=0.083333336, #cases=12
If SonPreopKreatinin="Zero” Then Risk=0.06451613, #cases=62

If SonPreopKreatinin="Two” Then Risk=0.04488778, #cases=401

If SerebrovaskulerHastalik="Six” Then Risk=0.22222222, #cases=9
If SerebrovaskulerHastalik=""Three” Then Risk=0.0882353, #cases=34
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If SerebrovaskulerHastalik="Two” Then Risk=0.04761905, #cases=273
If SerebrovaskulerHastalik="Z7ero” Then Risk=0.016999574, #cases=4706
If SerebrovaskulerHastalik="0One” Then Risk=0.0, #cases=13

If SerebrovaskulerHastalik="Five” Then Risk=0.0, #cases=2

If SerebrovaskulerHastalik="Four” Then Risk=0.0, #cases=5H

If Endokardit="Four” Then Risk=1.0, #cases=1
If Endokardit="Two” Then Risk=0.5, #cases=2
If Endokardit="Zero” Then Risk=0.07594936, #cases="79

If MaligniteHikayesi="Yes” Then Risk=0.5, #cases=2
If MaligniteHikayesi="No” Then Risk=0.07692308, #cases=78

If AritmiHikayesi="One” Then Risk=1.0, #cases=1

If AritmiHikayesi="Four” Then Risk=0.125, #cases=8

If AritmiHikayesi="Zero” Then Risk=0.08928572, #cases=56
If AritmiHikayesi="Three” Then Risk=0.0, #cases=1

If AritmiTedavi="Two” Then Risk=1.0, #cases=1
If AritmiTedavi="Three” Then Risk=1.0, #cases=1
If AritmiTedavi="Zero” Then Risk=0.08, #cases=T75
If AritmiTedavi="Four” Then Risk=0.0, #cases=3

If MiyokardinfarktusZamani="One” Then Risk=0.09677419, #cases=62

If MiyokardinfarktusZamani="Zero” Then Risk=0.0754717, #cases=53

If MiyokardinfarktusZamani=""Three” Then Risk=0.05882353, #cases=17

If MiyokardinfarktusZamani="Two” Then Risk=0.029411765, #cases=34

If MiyokardinfarktusZamani="Four” Then Risk=0.023952097, #cases=668
If MiyokardinfarktusZamani="Five” Then Risk=0.015555556, #cases=450
If MiyokardinfarktusZamani="Six” Then Risk=0.011764706, #cases=680

If PreopResustasyon=""Yes” Then Risk=1.0, #cases=1
If PreopResustasyon="No” Then Risk=0.085365854, #cases=82
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If SinusRitmi="No” Then Risk=0.038038038, #cases=999
If SinusRitmi="Yes” Then Risk=0.014836796, #cases=4044

If DiyastolikKanBasinci=" Neglnfinity..68.57143” Then Risk=0.115384616, #cases=26

If DiyastolikKanBasinci="68.57143 .. 72.61644” Then Risk=0.09090909,
#cases=22
If DiyastolikKanBasinci="72.61644 .. PosInfinity” Then Risk=0.0625,
#cases=32

If OrtalamaKanBasinci="Neglnfinity..74.57143” Then Risk=0.12903225, #cases=31
If OrtalamaKanBasinci="74.57143 .. 78.03278” Then Risk=0.1, #cases=10

If OrtalamaKanBasinci="78.03278 .. PosInfinity” Then Risk=0.074074075,
#cases=27

If PulmonerRaller="Yes” Then Risk=0.33333334, #cases=15
If PulmonerRaller="No” Then Risk=0.046153847, #cases=65

If Pulmonerwheezing="Yes” Then Risk=0.2857143, #cases=14
If Pulmonerwheezing="No" Then Risk=0.060606062, #cases=66

If Toraksdeformitesi="Yes” Then Risk=0.5, #cases=4
If Toraksdeformitesi="No” Then Risk=0.08108108, #cases=74

If Mitralsistolikufurum="Five” Then Risk=0.5, #cases=2

If Mitralsistolikufurum="Two” Then Risk=0.2857143, #cases=T7

If Mitralsistolikufurum="Three” Then Risk=0.18181819, #cases=11
If Mitralsistolikufurum=""Zero” Then Risk=0.03508772, #cases=57
If Mitralsistolikufurum="Six” Then Risk=0.0, #cases=1

If Mitralsistolikufurum="Four” Then Risk=0.0, #cases=1

If Aortdiastolikufurum=""Yes” Then Risk=0.2857143, #cases=7
If Aortdiastolikufurum="No” Then Risk=0.072463766, #cases=69
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If Aortsistolikufurum="0ne” Then Risk=1.0, #cases=1

If Aortsistolikufurum=""7%ero” Then Risk=0.08695652, #cases=69
If Aortsistolikufurum="Three” Then Risk=0.0, #cases=3

If Aortsistolikufurum="Six” Then Risk=0.0, #cases=1

If Aortsistolikufurum="Five” Then Risk=0.0, #cases=2

If Aortsistolikufurum="Four” Then Risk=0.0, #cases=1

If Aortsistolikufurum="Two” Then Risk=0.0, #cases=1

If PulmonerArterSistolik="0One” Then Risk=1.0, #cases=1
If PulmonerArterSistolik="Zero” Then Risk=0.077922076, #cases=77

If VarisSag="Yes” Then Risk=0.2857143, #cases=7
If VarisSag="No" Then Risk=0.0882353, #cases=68

If TibialisPosteriorSag="No” Then Risk=1.0, #cases=1
If TibialisPosteriorSag="Yes” Then Risk=0.09090909, #cases=77

If TibialisPosteriorSol="No” Then Risk=1.0, #cases=1
If TibialisPosteriorSol="Yes” Then Risk=0.093333334, #cases=75

If KoronerArterSayisi="Zero” Then Risk=0.03664122, #cases=655

If KoronerArterSayisi=""Three” Then Risk=0.018488085, #cases=2434
If KoronerArterSayisi="One” Then Risk=0.016706444, #cases=419

If KoronerArterSayisi="Two” Then Risk=0.01192843, #cases=1006

If Circumflex="No” Then Risk=0.15384616, #cases=39
If Circumflex="Yes” Then Risk=0.051282052, #cases=39

If SagKoronerArter="Yes” Then Risk=0.13157895, #cases=38
If SagKoronerArter="No” Then Risk=0.075, #cases=40

If SolVentrikulEjeksiyonFraksiyonu=""Three” Then Risk=0.067307696, #cases=208
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If SolVentrikulEjeksiyonFraksiyonu="7ero” Then Risk=0.05179283, #cases=251
If SolVentrikulEjeksiyonFraksiyonu=""Two” Then Risk=0.0220234, #cases=1453
If SolVentrikulEjeksiyonFraksiyonu="0One” Then Risk=0.0115644075, #cases=3113

If EjeksiyonFraksiyonuDegeri="Neglnfinity..54.545456” Then Risk=0.07042254,
#cases=T1

If EjeksiyonFraksiyonuDegeri="54.545456 .. 62.35168” Then Risk=0.03076923,
#cases=65

If EjeksiyonFraksiyonuDegeri="62.35168 .. PosInfinity” Then Risk=0.01980198,
#cases=202

If SistolikPulmonerArterDegeri="53.185184 .. 60.23077” Then Risk=0.2173913,
#cases=23

If SistolikPulmonerArterDegeri="60.23077 .. PosInfinity” Then Risk=0.09090909,
#cases=Hd

If SistolikPulmonerArterDegeri=" NegInfinity..53.185184” Then Risk=0.030927835,
#cases=97

If LVESDdeger="5.5443597 .. 9.509999” Then Risk=0.5, #cases=2
If LVESDdeger="9.509999 .. PosInfinity” Then Risk=0.041666668, #cases=24
If LVESDdeger="Neglnfinity..5.5443597” Then Risk=0.02846975, #cases=281

If AortStenozuPeakGradient="NeglInfinity..59.5” Then Risk=0.0952381, #cases=21
If AortStenozuPeakGradient="59.5 ..  75.05173” Then Risk=0.071428575,
#cases=14

If AortStenozuPeakGradient="75.05173 .. PosInfinity” Then Risk=0.037037037,
#cases=27

If AortYetmezlik="Two” Then Risk=0.16666667, #cases=6

If AortYetmezlik="Three” Then Risk=0.0952381, #cases=21
If AortYetmezlik=""Zero” Then Risk=0.06557377, #cases=61
If AortYetmezlik="Four” Then Risk=0.05076142, #cases=197
If AortYetmezlik="0One” Then Risk=0.0, #cases=14
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If KalsifiyeAort="0One” Then Risk=0.33333334, #cases=6
If KalsifiyeAort="Two” Then Risk=0.25, #cases=4
If KalsifiyeAort=""7ero” Then Risk=0.0625, #cases=64

If MitralYetmezlik="Three” Then Risk=0.15789473, #cases=19
If MitralYetmezlik="Two” Then Risk=0.11111111, #cases=9

If MitralYetmezlik="Four” Then Risk=0.0777027, #cases=296
If MitralYetmezlik="Zero” Then Risk=0.04347826, #cases=46
If MitralYetmezlik="0One” Then Risk=0.0, #cases=17

If TrikuspidYetmezlik=""Three” Then Risk=0.22222222 #cases=9
If TrikuspidYetmezlik="0One” Then Risk=0.11764706, #cases=17
If TrikuspidYetmezlik=""Zero” Then Risk=0.0754717, #cases=b53
If TrikuspidYetmezlik="Four” Then Risk=0.0625, #cases=64

If TrikuspidYetmezlik="Two” Then Risk=0.0, #cases=2

If Onceligi="Three” Then Risk=0.14285715, #cases=35
If Onceligi="Two” Then Risk=0.067010306, #cases=194
If Onceligi="0One” Then Risk=0.05105105, #cases=333
If Onceligi="7ero” Then Risk=0.014059362, #cases=4481

If AciliyetNedeni="Six” Then Risk=0.6666667, #cases=3

If AciliyetNedeni="Eight” Then Risk=0.5, #cases=2

If AciliyetNedeni="Two” Then Risk=0.33333334, #cases=3
If AciliyetNedeni="Ten” Then Risk=0.25, #cases=4

If AciliyetNedeni="Four” Then Risk=0.2, #cases=5

If AciliyetNedeni="0One” Then Risk=0.083333336, #cases=36
If AciliyetNedeni="Five” Then Risk=0.083333336, #cases=12
If AciliyetNedeni="Zero” Then Risk=0.029411765, #cases=34
If AciliyetNedeni="Three” Then Risk=0.027777778, #cases=36
If AciliyetNedeni="Seven” Then Risk=0.0, #cases=5

If AciliyetNedeni="Nine” Then Risk=0.0, #cases=1
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If Insidans=""Three” Then Risk=0.09859155, #cases=T71
If Insidans="Two” Then Risk=0.078947365, #cases=152
If Insidans="0One” Then Risk=0.01629413, #cases=4787
If Insidans="Four” Then Risk=0.0, #cases=13

If Insidans="Five” Then Risk=0.0, #cases=1

If KapakCerrahisi="Yes” Then Risk=0.049071617, #cases=754
If KapakCerrahisi="No” Then Risk=0.014222429, #cases=4289

If KardiakProsedur20="Yes” Then Risk=0.072, #cases=250
If KardiakProsedur20="No" Then Risk=0.016691009, #cases=4793



