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Abstract

Amaç: Pulmoner emboli (PE), tanıda klinik şüphe ve tanısal laboratuvar ve gö-

Aim: Pulmonary embolism (PE), is a high mortality disease which clinical

rüntüleme sonuçlarının yüksek öneme sahip olduğu, yüksek mortalitesi olan

suspicion and a variety of diagnostic laboratory and imagingresults have

bir hastalıktır. Bazı vakalarda antikoagülasyon ve fibrinolitik tedavilere kara

a high importance in diagnose. Anticoagulation and fybrinolytic treatments

vermek zor olmakta ve bu nedenle erken tanı acil tıp açısından önem arz et-

are hard to decide in some cases therefore early diagnose is important in

mektedir.Gereç ve Yöntem: Çalışma Ocak 2010 ve Ekim 2013 arasında acil
servise nefes darlığı ve göğüs ağrısı da dahil olmak üzere akciğer şikayetleri
ile başvuran 201 hastanın retrospektif kayıtlarına dayanarak tasarlanmıştır.
Makine öğrenmesi teknikleri PE tanısında başarı hesaplanması için kullanıldı.
Bulgular: PE tespiti için sınıflandırma ağacı yönteminin başarı oranının (%95),
KNN sınıflaması (% 75) ve Naive Bayes Sınıflandırmasına (% 88.5) göre daha
yüksek olduğu saptandı. Tartışma: Özellikle tanı konmasının zor olduğu hastalarda ve tetkiklerin kısıtlı olduğu acil servislerde, Sınıflandırma ağacı ve Bayes
yöntemi gibi makine öğrenmesi teknikleri teşhis veya pulmoner emboli olası-

emergency medicine.Material and Method: The study was designed retrospectively based on the records of the 201 patients who were presenting to
Emergency Department with pulmonary complaints including dyspnea and
chest pain between January 2010 and October 2013. Results: Machine learning techniques were used for calculating the success in diagnosing PE. The
success rate of the classification tree method for detection of PE was 95%,
which was higher than that of KNN classification (75%) and Naive Bayes
Classification (88.5%). Discussion: Classification tree and Bayesian method
can be selected ones to diagnose or define possibility of pulmonary embolism
in emergency centers with limited study tests and for the patients difficultly

lığını tanımlamak için seçilebilir.

diagnosed.
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Introduction
Pulmonary embolism (PE), is a high mortality disease as blockage of pulmonary artery blood flow of the main branches or
sub-branches by a thrombus. It is an urgent cardiovascular disease, and the most common cause is venous thromboembolism
(VTE)[1,2]. Mortality of pulmonary embolism in patients with
timely diagnosis and have appropriate prophylaxis and treatment, 2-10%, which of 2/3 the incorrect diagnosis or concomitant disease is present mortality up to 30% [1, 3]. The most
commonly used laboratory methods to assist in establishing the
diagnosis of pulmonary embolism is d-dimer but reliability is
low. In radiological imaging, electrocardiography, echocardiography, computed tomography, ventilation-perfusion scintigraphy and pulmonary angiography can be used at specific standard. Pulmonary angiography is of limited use in emergency
conditions. Clinical suspicion a variety of diagnostic laboratory
and imaging results have a high importance. Anticoagulation
and fybrinolytic treatments are hard to decide in some cases
therefore early diagnose is important in emergency medicine.
Machine learning is a scientific discipline that deals with design
and development processes of command indices to be used for
transforming inputs into outputs and enables learning based
on data types such as sensor data or database of the computers. It plays a role in gaining skills of perceiving complex patterns and making rational decisions based on data. Learning
strategies include supervised learning, unsupervised learning,
learning through problem solving, learning via neural networks,
and genetic algorithms [4]. Medical use of machine learning is
recently in define possibility and diagnosis.
In our study, it is planned to creation of artificial intelligence
technique in diagnosing pulmonary embolism using machine
learning methods. Medical history, physical examination, biochemical markers and imaging techniques of 201 patients with
pulmonary complaints admitted to Mersin University Medical
Faculty Hospital Emergency Department between January 2010
- October 2013 were recorded.
Material and Method
Our study was approved by the ethics committee of Gazi University. The study was designed retrospectively based on the
records of the 201 patients who were presenting to Emergency
Department with pulmonary complaints including dyspnea and
chest pain between January 2010 and October 2013.. Based
on the tests and examinations performed in the Emergency
Department, the patients were grouped into two categories as
“pulmonary embolism present” and “pulmonary embolism absent”. Age, sex, risk factors, d-dimer level, echocardiography
findings, Doppler findings, and thoracic CT findings of the patients were recorded. The subjects were randomly assigned to
education and test groups and the diagnostic accuracy (success) was assessed using MATLAB R2012b.
Results
Classification methods and success rating
Data of a total of 201 patients were used to diagnose PE. To
construct a decision tree, 161 (80%) samples were assigned to
education group and 40 (20%) to the test group. These samples
were evaluated with success rating by using 3 separate ma| Journal
of Clinical
and Analytical
Medicine
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chine learning method classification tree (CTREE), Naïve Bayes
Theorem (NB), K nearest neighbor (KNN) in order to make PE diagnosis [5-8]. Accuracy (the number of correctly classified positive or negative samples), error ratio (the number of incorrectly
classified positive or negative samples) as well as sensitivity
(True positive ratio) and specifity ratio (False positive ratio)
were calculated with the following formula :
True positive ratio = True positive / True positive + False negative
False positive ratio= False positive / True negative + False positive
Experimental Study
CTREE
In this part, presence of PE was classified using the classification tree. The algorithm formed by the decision tree operates
with 95% success rate for detection of PE. The algorithm is
shown on Figure 1, Figure 2.

Figure 1. Algorithm of classification tree

Figure 2. Algortihm of classification tree symptoms and findings with definitions
(CT: Computer tomography, CAD: Coronary artery disease, DVT: Deep venous
thrombosis)

In the classification study performed with the decision tree
on 40 test data the complexity matrix was obtained as shown
on Table 1. CTREE correctly identified 28 of 29 PE patients in
the test data while it misclassified 1 of them as negative for
PE. It also correctly identified 10 of 11 healthy subjects in the
test data. Its sensitivity was found 96.5% and its specifity was
found 90.9%.
Table 1. Complexity matrix for classification according to Classification Tree
Method
Pulmonary Embolism

CTREE

Present
Absent

Present

Absent

Total

28

1

40

1

10
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KNN METHOD
The success rate of the K nearest neighbor method for detection of PE was 75%, which was lower than that of the decision
tree (K=6)( Table 2). Its sensitivity was 77.1% and specifity was
60%. It was determined that the success rate was reduced to
72.5% with K=5.
Table 2. Complexity matrix for classification according to KNN Method
Pulmonary Embolism

KNN

Present

Absent

Total

Present

27

2

40

Absent

8

3

NAİVE BAYES CLASSIFICATION METHOD
The success rate of the Naive Bayes Classification Method for
detection of PE was 88.5%, which was higher than that of KNN
classification. The classification was done on 201 test data. The
complexity matrix of this classification was shown on Table 3.
With the classification NBO, 134 cases in the test data were
true positive and 11 cases were true negative. However, 12 of
patients were false negative while 44 of them were false negative. The sensitivity and specifity of the method were found
91.7% and 80%, respectively.
Table 3. Complexity matrix for classification according to Naive Bayes Method
Pulmonary Embolism

NBO

Present

Absent

Total

Present

134

11

201

Absent

12

44

Conclusion
The average of annual incidence in United States of America
(USA is 1/1000 approximately. The European Union of Cardiology issued a study report of annual number of new cases of
PE for Italy, Wales and France as 60000, 65,000 and 100,000
respectively [2]. In USA, annual insidance of pulmonary embolism is estimated as 600,000[9]. These results clearly show its
inadequacy of PE in our country. But in recent years due to advances in the imaging and diagnosis of PE is increasing [10,11].
Rapid diagnosis and treatment of pulmonary embolism in the
emergency department substantially reduce mortality and morbidity rates. Specific examination of pulmonary embolism, due
to lack of laboratory and imaging findings, risk classification
is determined. Purpose of determining the probability scores
based on risk stratification, treatment approaches for these patients is formed.
This score is most frequently known Wells scoring, “Canadian”
scores, also known as the modified Geneva score of patients
with clinical probability low, medium and high risk group classification and laboratory investigations along with the evaluation[12-14].
Diagnostic aids that hasten diagnosis and increase diagnostic
accuracy have been developed in the form of artificial neural
networks and machine learning algorithms. Particularly, studies
on imaging methods corroborated by artificial intelligence have
been increased in recent years. Bouma et al found in a study
that a system educated by 38 data sets created by contrastenhanced computed tomography images had a sensitivity of
3 | Journal of Clinical and Analytical Medicine

63%[8]. By forming knowledge-based artificial neural networks
(KBANN), Serpen et al classified pulmonary embolism diagnosis
with the modified criteria of prospective investigation of pulmonary embolism diagnosis (PIOPED) in an attempt to compare
the performance of this method with those of other methods
such as Bayes and decision Tree, and reported successful results [15]. Differently from PIOPED study(54.5%) , our study has
a success rate of %88.5 with Naive Bayes method. Blackmon
et al in another study (CAD) for pulmonary embolism diagnosis reported that computer-assisted tomography interpretation
help inexperienced healthcare personnel make diagnosis and
increased false positivity, albeit to a lesser extent[16]. Falsetti
et al compared Wells and Geneva scores with artificial neural
networks and found better results for diagnosis with artificial
neural networks[17].
Similar with literature, we found same accuracy with the study
of Luciani et al (88.6%)[18]. Sensitivity of 91.6% and specifity
of 86.6% was similar to our study 91.7% and 80%, respectively.
As in this study, no pulmonary angiography used to diagnose in
the first place, Luciani et al also found 83.6%, sensitivity 88.8%
and specificity 79.6% in the subgroup that pulmonary angiography was not used[18].
Pulmonary embolism has a high mortality rate and its symptoms are occasionally diagnosed in emergency services. Machine learning systems can be used especially in diseases diagnosed with clinical scores. These methods can help physicians
that have no advanced diagnosing techniques as V/P sintigraphy, angiography in emergency medicine Classification tree and
Bayesian method can be selected ones to diagnose or define
possibility of pulmonary embolism.
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