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Abstract

Sepsis is the intense reaction of the immune system as a result of a severe infection in any part
of the body and damages to organs and tissues. And this disease is commonly fatal and costly.
In this study, we perform a comparative study for Sepsis prediction using machine learning
algorithms from original laboratory findings. For this purpose, thirty-two different machine learning
algorithms including different structures as well as neural network classifiers are evaluated and
compared. As a result of experimental studies, SVM (Cubic, Fine Gaussian), KNN (Fine,
Weighted, Subspace), Trees (Weighted, Boosted, Bagged) and neural network-based classifiers
have achieved a significant success rate in the diagnosis of Sepsis using the new dataset. Thus,
itis concluded that it is appropriate to use machine learning algorithms to predict whether a Sepsis
patient will be survived. This study has the potential to be used as a new supportive tool for
doctors when predicting Sepsis.
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1. Introduction

It is seen that the number of scientific research and artificial intelligence applications in
the field of health are increasing rapidly in the world. Hence, almost whole universal
artificial intelligence and big data companies focus on medical research and do their work
on a large scale from patient services to diagnosis and treatment systems. In this way, it
has been possible to develop important applications such as disease diagnosis and
diagnosis systems, surgeries performed with artificial intelligence (Al) supported robots,
personalized treatments, drug development, hospitalization prediction, and decision
support systems. Developments in the health sector, which is one of the sectors most
affected by this challenging process, where the pandemic accelerates digital
transformation, offer an alternative solution for insufficient human resources. This
contributes to the acceleration of routine work that requires faster results in the
departments where healthcare professionals cannot follow the process, with Al, and to
reduce errors in intense work.

Sepsis, a dysregulated immune-mediated host response to infection, is common, lethal,
and costly [1]. Sepsis, often called blood poisoning, is a truly negative result of the body's
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response to an infection, and this response causes organ damage. ldentifying those at
risk for Sepsis and initiating appropriate treatment before any clinical manifestations will
have a significant impact on the mortality and healthcare cost burden of Sepsis.
According to World Sepsis Association data, it is estimated that 47-50 million people
have Sepsis, and 11 million people die from Sepsis each year, with one death occurring
every 2.8 seconds. 1 in 5 deaths worldwide is associated with Sepsis [2]. In addition,
40% of Sepsis cases are in children under 5 years old. 20% of all deaths in the world are
associated with Sepsis, depending on the country, the mortality rate ranges from 15% to
50%. Sepsis has a higher mortality rate in the world than the most common diseases of
breast cancer, prostate cancer, and HIV-AIDS combined. Sepsis-related deaths have a
higher rate than cancer-related deaths, as reported by the World Health Organization in
2018. The highest death rate of Sepsis is in poor and developing countries. However, it
can also be caused by infections with seasonal influenza viruses, dengue viruses, and
highly contagious pathogens of public health concern. Sepsis often presents as a clinical
worsening of common and preventable infections such as respiratory, gastrointestinal,
and urinary tract or wounds and skin as shown in Figure 1.

CoMMON SOURCES OF SEPSIS

Meningitis * Infection of Unknown Source

* Viruses, such as SARS-CoV-2

Skin or Soft Tissue Pneumonia

Infection

Catheter-Related Bloodstream Infection

Infection
Abdominal Infections, e.g.
* Appendicitis
* Infectious Diarrhea

Urinary Tract * Gallbladder Infection

Infection

Figure 1. Common sources of Sepsis.

Sepsis-related mortality (death rate) risk factors vary depending on the size and
development of the health center. It causes 20-50% mortality in affected patients and
significantly reduces the quality of life in patients who recover. In a large multicenter
epidemiological study conducted in our country, mortality rates due to Sepsis and septic
shock were found to be unacceptably high (55% and 70%). The significant increase in
mortality and annual health care expenditures (affected by the increased length of stay)
have made Sepsis treatment and research a critical area in medical internet research
and medical informatics, resulting in a recent surge in the relevant literature.

Early Sepsis prediction can help doctors intervene and diagnose early to improve
treatment and patient outcomes. Most of the existing methods for Sepsis diagnosis and
early prediction use only structured data stored in the electronic medical records (EMR)
system. Clinical decision support tools can help identify those at the highest risk for
Sepsis. Existing studies on EMR and laboratory data look improving. Detecting Sepsis
at an earlier stage can save lives and reduce financial expenses for the patient. The
diagnosis of Sepsis is often delayed because it is difficult to distinguish from other high-
risk conditions, and this delay can cause the patient to deteriorate rapidly. A potentially
transformative approach to this problem would leverage the vast amount of information
from patients' Electronic Health Records (EHR) to derive Clinical Decision Support
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Systems. With the widespread use of artificial intelligence in the field of medicine, these
methods allow early prediction and treatment of many diseases.

Artificial neural networks, which are one of the most popular algorithms of machine
learning methods today, are deduced that will be used in estimating the early stages of
Sepsis disease and determining the level of Sepsis, considering their reasoning and
decision-making abilities.

Various studies have been conducted to detect Sepsis in patients and to develop early
prediction models. Due to advances in machine learning and artificial intelligence, these
fields also have great applications in the medical field. Machine learning algorithms are
used to predict Sepsis and help people take appropriate medications. Different machine
learning algorithms can diagnose or predict Sepsis and thus prevent the progression of
Sepsis.

Artificial intelligence, whose importance has emerged once again in the Covid-19
process, can be briefly defined as the technology that makes computers do the work that
requires human intelligence. Considering the point that artificial intelligence technology
has reached today; it can make a medical diagnosis, offer personalized health solutions,
and offer practical solutions in many areas of our lives. In the digitalization process
accelerated by the Covid-19 pandemic, health technologies are at the forefront of the
focal points of artificial intelligence technologies, which we have seen superior success
in many sectors.

2. Related Works

Several studies in the literature have compared the performance of different Al
techniques for detecting Sepsis using different datasets and pediatric patients [10-18].
Because these studies were not conducted using the same datasets, it is not accurate
to directly compare performance with our study. For this reason, similar studies have
been focused on in the literature. Some studies in the literature on the use of machine
learning methods in Sepsis can be summarized as follows:

Umut Kaya et al. in their study in 2018, proposed a model that uses multilayer artificial
neural networks (Levenberg Marquardt and Feed forward) to help diagnose Sepsis.
Using the data of intensive care patients aged 18-65 in Istanbul, the risk of catching
Sepsis was tried to be estimated with the help of artificial neural networks. In this model,
99% training, testing and accuracy values were obtained [3].

In 2014, Gilltepe et al. aimed to develop a decision support system to identify patients at
high risk for hyperlactatemia based on routinely measured vital signs and laboratory
studies. In this Al-based study, they concluded that, given the temporal nature and
variability of patient data, effective estimates of lactate levels and risk of death can be
obtained with several clinical variables [4].

In 2016, Desautels et al. used the machine learning-based InSight application to examine
and validate a Sepsis prediction method for new Sepsis-3 definitions in retrospective
data. The classification system 'InSight', which uses multivariate combinations of
Glasgow Coma Score and age, is effective for predicting the onset of Sepsis. They
concluded that it is a tool and performs well even with random missing data [5].

Fleuren et al. evaluated the performance of real-time models to predict Sepsis by
conducting a systematic review and meta-analysis in their work in 2020. In this study, he
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concluded that individual machine learning models can accurately predict the onset of
Sepsis early [6].

In 2012, Gultepe et al. proposed a Bayesian network using an electronic medical record
(EMR) database of 1492 patients, including 233 Sepsis cases. This study reveals a clear
relationship between lactate levels and Sepsis. In conclusion, Bayesian networks
showed that Sepsis patients were able to capture the relationship between lactate levels
and Sepsis [7].

In 2014, Stanculescu et al. evaluated late-onset premature Sepsis as one of the most
important clinical concerns in which premature babies are kept in the intensive care unit
for the early diagnosis of Sepsis. They evaluated the efficacy of the autoregressive latent
Markov model for diagnosing Sepsis with data from a neonatal intensive care unit [8].

Guillen et al. aimed to identify early predictors for the prediction of severe Sepsis using
clinical laboratory values and vital signs collected from adult patients in intensive care.
For this purpose, they used logistic regression models, supporting vector machines and
logistic model trees. They showed that models developed and based on this framework
can be recommended for clinical decision support in and outside intensive care settings

[9].

When these studies were examined, although the machine learning methods were used
on different datasets taken from the international database, not so many algorithms as
we suggest were tried. In addition, when the performance parameters of these studies
in the literature are examined, it is seen that there is an improvement in terms of our
study's results. It is understood that this makes a significant contribution to the literature
in this regard.

3. Metarials and Methods
3.1. Dataset Description

This section will present details of the basic components of the used dataset, the
description, and an overview of the various machine learning algorithms and proposed
approaches.

Many types of infections can play a role in the formation of Sepsis. The most common of
these are urinary tract infections, respiratory tract infections, pneumonia, intra-abdominal
infections, wounds and burns, meningitis, and skin infections. Children under the age of
1, pregnant women, people with chronic diseases, and elderly individuals are in the risk
group for Sepsis. The incidence of Sepsis is higher than the incidence of other known
diseases such as heart, cancer, and stroke. More people die from Sepsis than deaths
from colon and breast cancer combined.

According to the recently published Sepsis-3 criteria, it is formally defined as an acute
increase in the Sequential Organ Failure Assessment (SOFA) score of 22 points due to
a suspected or proven infection [1]. Overall, the new definition offers better performance
than the previous one for identifying septic patients at high risk of mortality in intensive
care units (ICUs) [1]. Sepsis is also used to screen rapid SOFA (gSOFA) patients with
the worst Sepsis outcomes." Septic Shock is the subset of Sepsis in which the underlying
circulatory and cellular/metabolic abnormalities are profound enough to significantly
increase mortality [19].
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Severe Sepsis and septic shock are still the leading causes of death in Intensive Care
Units (ICUs), and timely diagnosis is crucial for treatment outcomes. Considering that
Sepsis management is very time-sensitive, early estimation of Sepsis is very important
in preventing mortality (death rate). The advancement of electronic medical records
(EMR) offers the possibility to store large volumes of clinical data that could facilitate the
development of Al in medicine.

The high-risk group of Sepsis; include adults aged 65 and over, people with chronic
diseases such as diabetes, cancer, lung, liver, and kidney disease, those with weakened
immune systems, people with previous Sepsis, and children younger than one year old
[20].

The clinical findings used in the diagnosis of Sepsis, which we used in this study, are as
follows.

Fever

Hypothermia (low body temperature)
Heart rate

Tachypnea (rapid breathing)

Mental status change

Hyperglycemia

Leukocytosis (Increased Leukocyte)
Leukopenia (Reduction of Leukocytes)
Immature form white blood cell count leukocyte
10. Plasma C-reactive protein (CRP)

11. Plasma procalcitonin

12. Hypotension

13. Hypoxemia (Decreased oxygen)

14. Saturation

15. Creatinine increase

16. Coagulation disorder

17. Thrombocytopenia (Decreased Platelet)
18. Hyperbilirubinemia

19. Lactate elevation [21]

©CoNOOr~LWNE

The eighteen features in the dataset are numeric. Only mental status is not numerical.
In binary categorical (binary) features, "0" indicates that the mental state is closed, and
"1" indicates that the mental state is open. The mental state was converted in binary to
make the dataset used for the classification task.

3.2. Machine Learning Algorithms

Machine learning is one of the most widely used sub-branches of artificial intelligence
science today. Al-based systems constantly learn and train to behave like humans and
develop self-reasoning and problem-solving abilities. Properly trained systems using the
Al approach can seamlessly solve complex problems without a higher degree of
mathematical manipulations. Therefore, the Al approach has become a promising
alternative to various traditional problem-solving techniques. Machine learning is the
ability of machines to learn and perform actions of making decisions and recognizing
patterns similar to the thoughts of human intelligence with artificial intelligence
algorithms. Algorithms adaptively improve their performances as the number of existing
samples for learning increases [22]. Machine learning is basically to predict the future
from past experiences [23]. The algorithms, which are used for plenty of aims such as
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classification, estimation, forecasting forming [24], and can make an effective and
errorless estimation, consist of software design, which can learn rules from data, adapt
to changes, and improve its performance with experience. The field of machine learning
in computer programming by engaging with how to form computer programs that develop
automatically with experience and by using sample data or experience to optimize
performance [25]. When a machine improves its performance through experiences, it is
considered that the machine has learned; the learning mentioned here requires computer
models that keep the data and reveal beneficial samples [26].

There are numerous algorithms used in the literature for classification in machine
learning suchlike as the Decision Tree Classifier Algorithm, Naive Bayes Classifier,
Artificial Neural Networks, Support Vector Machine, and k-Nearest Neighbor Algorithm.
The purpose of classification, also known as an inference from samples, is to develop a
classifier that will obtain samples that have not been introduced to the algorithm before,
with the highest accuracy, after the concept definition is obtained [27].

The use of artificial intelligence and machine learning applications in the field of health
is carried out in many sub-activity areas such as medical diagnosis and disease tracking,
cost estimation, imaging analysis, resource planning and emergency management, and
processing of unstructured data. Machine learning provides the solution to both reduce
the rising cost of healthcare services and helps build a better patient-doctor relationship.
Recently, a large amount of data has become available in healthcare. This includes
EMRs with structured or unstructured data. Structured health data is information that is
easy to categorize in a database; patient weights, temperatures, headache,
stomachache, etc. may include a range of statistics and categories, including but not
limited to general symptoms such as most medical data is unstructured data in the form
of various notes, reports, images, audio, and video recording. However, regarding the
use of artificial intelligence in the field of health; Data management, the accuracy of
clinical data, and ethical and legal processes related to data protection limit the use of
artificial intelligence in the field of health.

In this study, some blood test values (PCT, PLT, WBC, Glucose (fasting), creatinine
(blood), Lactic Dehydrogenase (LDH), INR, CRP, Prothrombin Time, Bilirubin, PCO2),
and Classifier models with different structures were developed using the machine
learning toolbox of the MATLAB programming language to predict the early diagnosis of
Sepsis by looking at its features such as vital signs (blood pressure, pulse, fever,
saturation, etc.). These models are Decision Tree Classifier Algorithm, Naive Bayes
Classifier, Artificial Neural Networks (ANN), Support Vector Machine (SVM), and k-
Nearest Neighbor Algorithm (KNN) methods detailed below. All numerical results were
obtained using MATLAB R2021b on an Intel processor under Windows 10 operating
system.

3.2.1 Artificial Neural Networks (ANN)

Artificial neural networks (ANNS), one of the most common machine learning methods,
are systems formed by the combination of simple information processing units called
neurons. ANNSs are quite capable of learning nonlinear relationships between variables
and recognizing high-order relationships. The power of ANNs to model complex
relationships consists not in complex mathematical models, but the interactive assembly
of large numbers of simple neurons. ANNs are models that can be fully applied to
supervised, unsupervised, and reinforcement learning algorithms.

Artificial Intelligence Theory and Applications, Vol. 2, No. 1
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Simple neural network Artificial neural network

@ eutiayer ) Hidden layer @ output iayer

Figure 2. Artificial neural network model
3.2.2 Support Vector Machine (SVM)

While the support vector machine was originally used to separate the two classes, it has
been developed over time and has been successfully used in regression, classification,
and outlier detection problems with nonlinear systems. It is a supervised parametric
machine learning algorithm based on statistical learning theory. To separate the two
classes in the SVM algorithm, a parallel line/hyperplane is drawn between the data that
makes up the classes. The structure used to separate classes is represented as a line
in two-dimensional space, and as a plane in three-dimensional space. The data closest
to the hyperplane are called support vectors. The margin between the support vectors of
opposite classes is maximized, thus making it more durable [28].

3.2.3 k-Nearest Neighbor Algorithm (KNN)

K-NN is known as one of the simplest and oldest non-parametric supervised
classification approaches among machine learning algorithms in the literature. By
defining a special number k in the total data set, the mean/mode classes of the nearest
neighbors are obtained, and the new object is assigned to the class closest to its
neighbors. The distances of the new object to its neighbors can be calculated with
functions such as Euclid, Manhattan, Minkowski, and Chebyshev. It has a robust
structure against training data provided the k-number is large enough. When the data
set and k size increase, the processing time increase considerably, and in this approach,
all these distance calculations must be kept in memory [29]. Therefore, the choice of k
value is extremely important.

3.2.4 Decision Tree Classifier Algorithm

The decision tree algorithm falls under the category of supervised learning. They are
used to solve both regression and classification problems. The decision tree uses tree
representation to solve the problem where each leaf node corresponds to a class label
and the attributes are represented at the inner node of the tree. Statistics is one of the
predictive modeling approaches used in data mining and machine learning. Tree models
in which the target variable can take a discrete set of values are called classification
trees; in these tree structures, leaves represent class labels and branches represent
combinations of properties that give rise to these class labels. Decision trees where the
target variable can take continuous values are called regression trees. In indecision
analysis, a decision tree can be used to represent decisions visually and clearly. The
decision tree method is the classification process for all elements to have the same class
label by dividing the input data into groups with the help of an algorithm. First, the entropy
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for the data set is calculated with H method shown in Equation 1. Entropy which is
symbolized as H(S), is the measure of the amount of uncertainty in the set of data. S is
the existing set which is used to calculate the entropy. In S, C = {True, False}, is the
classes set. The P function is the ratio of the number of elements in class “c” to the
number of elements in the set [30].

H(S) = Ycec —p(O)log,p(c) )
3.2.5 Naive Bayes

Naive Bayes is a classification model which is a statistical approach, is based on the Bayes
theorem as seen in Equation 2, the NB classifier supposes that the effect of a specific attribution
in the class is independent of the other attributes. Indeed, if these attributes are connected, they're
estimated as an independent. This supposition facilitates the computation and is called naive for
this reason. This supposition is also called class conditional independence [31].

Likelihood Class Prior Probability

Pc|x)= P(XJ;E);D(C)
1 TN 2
Posterior Probability Predictor Prior Probability

Ple|X) = P(x, | ey = P{x, |c)=---=xP{x,|c)= P(c)

4. Experimental Study

This section demonstrates the early detection prediction performance of recommended
machine learning algorithms. Evaluation of prognostic prediction performance is
performed on the dataset of patients with Sepsis.

In this section, we estimate the early diagnosis of patients with Sepsis by evaluating the
artificial neural network results according to the classification accuracy. For this purpose,
a data set containing 19 features (18 Inputs - 1 Output) and 977 samples were used.
Traditional validation and the k-fold cross-validation approach were used to evaluate the
performance of the proposed algorithms. Sepsis diagnostic data was tested with many
different machine learning techniques to demonstrate the success of the study. For this
purpose Fine Tree, Medium Tree, Coarse Tree, Linear Discriminant, Quadratic
Discriminant, Logistic Regression, Gaussian Naive Bayes, Kernel Naive Bayes, Linear
SVM, Quadratic SVM, Cubic SVM, Fine Gaussian SVM, Medium Gaussian SVM, Coarse
Gaussian SVM, Fine KNN, Medium KNN, Coarse KNN, Cosine KNN, Cubic KNN,
Weighted KNN, Boosted Trees, Bagged Trees, Subspace Discriminant, Subspace KNN,
RUSBoosted Trees, Narrow Neural Network, Medium N. Network, Wide N. Network
Bilayer N. Network, Trialayer N. Network, SVM Kernel shapes were checked and
classification performance results were obtained with different classifiers by using all of
the features (with or without PCA) are shown in Table 1.

Table 1. Machine learning techniques for comparison (%)

i i TV 3-Fold CV 5-Fold CV 10-Fold CV
Machine Learning
Models PCA PCA PCA PCA PCA PCA PCA PCA
Disable Enable Disable Enable Disable Enable Disable Enable
Fine Tree 96.1 96.5 82.2 715 81.1 75.9 81.5 75.6
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Medium Tree 87.5 82.3 81.5 70.7 81.5 74.2 79.9 73.0
Coarse Tree 78.4 73.9 75.1 72.6 76.8 70.8 75.3 71.8
Linear Discriminant 75.4 74.0 73.1 73.4 74.4 72.7 74.3 73.2
Quadratic Discriminant 76.4 73.7 75.6 725 75.4 72.4 74.5 72.2
Logistic Regression 74.7 73.5 73.0 72.5 74.2 72.3 74.3 72.6
Gaussian Naive Bayes 70.2 69.6 68.9 68.9 69.2 69.9 69.4 68.5
Kernel Naive Bayes 85.5 80.5 77.7 74.3 80.2 74.7 79.1 75.3
Linear SVM 74.0 73.2 73.0 73.4 73.0 72.4 73.2 717
Quadratic SVM 91.3 87.6 83.2 82.4 84.4 82.7 86.1 82.9
Cubic SVM 100 98.5 87.8 85.7 89.0 86.0 88.4 86.7
Fine Gaussian SVM 100 99.6 75.8 77.3 78.9 80.4 79.8 81.6
Medium Gaussian SVM 90.8 87.7 85.3 82.4 86.6 83.3 86.4 83.8
Coarse Gaussian SVM 73.4 73.5 71.9 70.4 725 72.5 72.7 73.0
Fine KNN 100 100 87.4 83.2 89.9 85.1 90.5 85.7
Medium KNN 89.5 88.2 83.3 83.4 84.7 83.6 84.3 84.4
Coarse KNN 77.4 76.3 73.7 72.3 74.5 73.7 76.2 75.0
Cosine KNN 89.7 87.4 83.5 83.2 84 83.4 85.3 83.2
Cubic KNN 88.8 86.8 80.6 82.5 81.8 82.8 82.9 83.8
Weighted KNN 100 100 85.9 84.4 87.8 87.1 89.3 87.4
Boosted Trees 100 94.2 86.7 79.2 88.2 78.8 88.0 78.9
Bagged Trees 100 99.9 87.1 81.5 89.7 81.6 89.9 82.9
Subspace Discriminant 73.4 73.0 73.0 72.5 73.1 72.5 73.2 72.0
Subspace KNN 100 100 88.6 86 90.5 87.3 90.8 87.6
RUSBoosted Trees 89.7 88.0 85.7 78.2 83.9 75.5 84.0 78.4
Narrow Neural Netw. 100 92.5 80.7 78.8 83.4 79.3 83.4 79.9
Medium Neural Netw. 100 100 84.1 83.2 85.2 83.5 85.6 81.9
Wide Neural Netw. 100 100 85.5 83.1 87.3 84.5 88.9 84.1
Bilayer Neural Netw. 100 100 83.1 79.5 83.0 77.9 84.0 77.9
Lnajayerde. Neural 100 100 817 776 825 794 846 8Ll
SVM Kernel 93.9 90.8 83.0 79.4 84.4 82.2 85.6 81.2
Logistic. Regression 87.5 86.4 78.6 77.2 80.5 77.9 80.5 81.0

For the same dataset, the accuracy performance of the methods proposed in this study
was more successful than other machine learning methods in the literature, and an
effective decision support system was designed that could successfully determine the
early diagnosis of patients with Sepsis. Despite the imbalance in the dataset, the Cubic
SVM, which showed the best performance in risk estimation, Fine Gaussian Algorithms
SVM, Fine KNN, Boosted Trees, Bagged Trees, Subspace KNN, Narrow Neural
Network, Medium Neural Network, Wide Neural Network Bilayer Neural Network and
Trialayer Neural Network achieved a successful prediction score (100%). Also, the PCA
method is used to try different parameter variations and the best results are shown in the
table. When we examined these results, we found no significant performance impact.

A confusion matrix represents most successful and unsuccessful algorithms
implemented. Machine learning uses a confusion matrix to interpret the performance of
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the classification model used. Figure 3 and Figure 4 show a confusion matrix comparing
the predicted and actual values of the target attribute.

True Class

1 2 TPR FNR
Predicted Class

Figure 3. Confusion Matrix for the most successful Fine KNN algorithm.

9.5%

True Class

30.7%

1 2 TPR FNR
Predicted Class

Figure 4. Confusion Matrix for the worst successful Gaussian Naive Bayes algorithm.

As can be seen in Figure 3, the Fine KNN algorithm confusion matrix, out of 977 samples,
it was determined that 977 Sepsis patients would live and 0 would not. As seen in Figure
4, the Gaussian Naive Bayes algorithm confusion matrix was determined as 678 of 977
samples would survive the Sepsis patient and 299 would not.

The receiver operating characteristic (ROC) curve is a graph showing the ability of a
binary classifier system to classify as the discrimination threshold changes. ROC curve
obtained as a result of determining algorithm performances. The ROC curves for the best
performing Fine KNN algorithm and the worst performing Gaussian Naive Bayes
algorithm are shown in Figure 5 and Figure 6, respectively.

Artificial Intelligence Theory and Applications, Vol. 2, No. 1
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Figure 5. ROC curve for the best performing Fine KNN algorithm.
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Figure 6. ROC curve for the worst-performing Gaussian Naive Bayes algorithm.

When the results obtained are examined, it is understood that the artificial neural network
methods mentioned above have extraordinary success in predicting the early diagnosis
of a Sepsis patient. Thus, it is concluded that the study with this current situation is
promising and successful. Further, it is appropriate to use machine learning algorithms
to predict an early diagnosis of patients and this study has the potential to be used as a
new support tool for physicians when predicting the early diagnosis of a Sepsis patient.

As a result, 32 different machine learning techniques were applied to Sepsis on our
original dataset, and it was seen that 12 different methods achieved 100% accuracy
performance. The success rates of other methods vary between 68.9% and 96.1% and
cannot be underestimated. When these performances are examined, it is seen that
machine learning algorithms can be integrated into applications such as Sepsis decision
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support systems. It is recommended to use artificial intelligence methods to predict
Sepsis-related death-survival due to their high accuracy predictive ability.

5. Conclusion

Sepsis patients have a very high mortality rate, and doctors need reliable prognostic
estimates to be able to diagnose early and properly administer drugs to make informed
decisions. In our original research, which is considered the application of information
sciences in the health sector, predictive learning models and decision support systems
that learn from data were produced on the data set used to diagnose Sepsis. These
models aim to contribute to science by evaluating the early prediction of the disease.

In this study, all the features in the data set were classified by machine learning methods
and estimated with 100% accuracy for a controlled classification problem in terms of
early estimation of Sepsis. Accordingly, our study has shown that machine learning can
be used effectively in the dual classification of health records of patients with Sepsis.

For comparison, different types of machine learning methods were tried with different
variants and classification accuracy was obtained between 69% and 100%. It has been
observed that the performance of Cubic SVM, Fine Gaussian SVM, Fine KNN, Boosted
Trees, Bagged Trees, Subspace KNN, Narrow Neural Network, Medium Neural Network,
Wide Neural Network Bilayer Neural Network, and Trialayer Neural Network methods is
maximum.

As a limitation of the current study, it should not be overlooked that the data set (977
patients) is small and unstable for classification.

References

[1] ConseDefinitions fornsfor Sepsis and Septic Shock (Sepsis-3). JAMA 2016 23 Subat; 315 (8): 801-810.

[21 Global Sepsis Alliance Web Site (Last Access: 03, March 2022), https://www.global-sepsis-
alliance.org/news/2020/1/16/the-lancet-sepsis-associated-with-1-in-5-deaths-worldwide-double-prior-
estimates-children-and-poor-regions-hit-hardest-global-burden-disease-study-kristina-rudd

[3] KayaU, Yilmaz A, Dikmen Y. (2018). Prediction of sepsis disease by Atrtificial Neural Networks. Journal
of  Selcuk-Technic.Special Issue 2018 (ICENTE'18):107-31.

[4] Gultepe E, Green J, Nguyen H, Adams J, Albertson T, Tagkopoulos |. From vital signs to clinical
outcomes for patients with sepsis: a machine learning basis for a clinical decision support system J Am
Med Inform Dog. 2014; 21 (2): 315-25. doi: 10.1136

[5] Desautels T, Calvert J, Hoffman J, et al. Prediction of sepsis in the intensive care unit with minimal
electronic health record data: a machine learning approach. JMIR Med Inform 2016;4:e28.

[6] Fleuren LM, Klausch TLT, Zwager CL, Schoonmade LJ, Guo T, Roggeveen LF, Swart EL, Girbes ARJ,
Thoral P, Ercole A, Hoogendoorn M, Elbers PWG. Machine learning for the prediction of sepsis: a
systematic review and meta-analysis of diagnostic test accuracy Yogun Bakim Med. 2020 Mart; 46 (3):
383-400. doi: 10.1007

[7]1 Giltepe E Nguyen H Albertson T et al. A Bayesian network for early diagnosis of sepsis patients: a
basis for a clinical decision support system 2. IEEE Uluslararasi Biyo ve Tip Bilimlerinde Hesaplamali
Gelismeler Konferansi (ICCABS); Las Vegas, NV: 23-25, 2012, 1-5.

[8] Stanculescu I, Williams C.K.I, Y. Freer Y. Autoregressive Hidden Markov Models for the Early Detection
of Neonatal Sepsis, in IEEE Journal of Biomedical and Health Informatics, Sept. 2014, vol. 18, no. 5,
1560-1570.

[9]1 Guillén J. et al. Predictive models for severe sepsis in adult ICU patients, 2015 Systems and Information
Engineering Design Symposium, Charlottesville, VA, 2015, 182-187.

[10] [Mani S, Ozdas A, Aliferis C, Varol HA, Chen Q, Carnevale R, et al. Medical decision support using
machine learning for early detection of late-onset neonatal sepsis. J. Am. Med. Inform. Assoc. (2014)
21:326-36. 10.1136/amiajnl-2013-001854

[11] Horng S, Sontag DA, Halpern Y, Jernite Y, Shapiro NI, Nathanson LA. Creating an automated trigger
for sepsis clinical decision support at emergency department triage using machine learning. PLoS ONE.
(2017) 12:e0174708. 10.1371/journal.pone.0174708

[12] Lamping F, Jack T, Ribsamen N, Sasse M, Beerbaum P, Mikolajczyk RT, et al. Development and
validation of a diagnostic model for early differentiation of sepsis and non-infectious SIRS in critically ill

Artificial Intelligence Theory and Applications, Vol. 2, No. 1



26 P. Kaya Aksoy, F. Erdemir, D. Kiling and O. Er,

children — a data-driven approach using machine-learning algorithms. BMC Pediatr. (2018) 18:112.
10.1186/s12887-018-1082-2

[13] Kamaleswaran R, Akbilgic O, Hallman MA, West AN, Davis RL, Shah SH. Applying artificial intelligence
to identify physiomarkers predicting severe sepsis in the PICU. Pediatr. Crit. Care Med. (2018) 19:e495—
503. 10.1097/PCC.0000000000001666

[14] Calvert J, Saber N, Hoffman J, Das R. Machine-learning-based laboratory developed test for the
diagnosis of sepsis in high-risk patients. Diagnostics. (2019) 9:20. 10.3390/diagnostics9010020

[15] Masino AJ, Harris MC, Forsyth D, Ostapenko S, Srinivasan L, Bonafide CP, et al. Machine learning
models for early sepsis recognition in the neonatal intensive care unit using readily available electronic
health record data.

[16] [Barton C, Chettipally U, Zhou Y, Jiang Z, Lynn-Palevsky A, Le S, et al. Evaluation of a machine learning
algorithm for up to 48-hour advance prediction of sepsis using six vital signs. Comput. Biol. Med. (2019)
109:79-84. 10.1016/j.compbiomed.2019.04.027

[17] Le S, Hoffman J, Barton C, Fitzgerald JC, Allen A, Pellegrini E, et al. Pediatric severe sepsis prediction
using machine learning. Front. Pediatr. (2019) 7:413. 10.3389/fped.2019.00413

[18] Yee CR, Narain NR, Akmaev VR, Vamulapalli V. Yogun bakim unitesinde septik soku tahmin etmeye
yonelik veriye dayali bir yaklasim Biyomedya. Bilgi vermek. Analizler _ (2019) 11 :1178222619885147.
10.1177/1178222619885147

[19] Seymour, C. W., Liu, V. X., lwashyna, T. J., Brunkhorst, F. M., Rea, T. D., Scherag, A., ... & Deutschman,
C. S. (2016). Assessment of clinical criteria for sepsis: for the Third International Consensus Definitions
for Sepsis and Septic Shock (Sepsis-3). Jama, 315(8), 762-774.

[20] Centers for Disease Control and Prevention (CDC). Hospital Toolkit for Adult Sepsis Surveillance 2018

[21] Dellinger, R. P., Levy, M. M., Rhodes, A., Annane, D., Gerlach, H., Opal, S. M., ... & Osborn, T. M.
(2013). Surviving Sepsis Campaign: international guidelines for management of severe sepsis and
septic shock, 2012. Intensive care medicine, 39(2)

[22] M. Yang, J. A. De Loera, A machine learning approach to evaluate Beijing air quality. 2018.

[23] Hal Daumé IlI 2012, A Course in Machine Learning, http://ciml.info/dl/vO_8/ciml-vO_8-ch08.pdf,
Accessed 22 Sep 2014.

[24] M. Mohri, A. Rostamizadeh, A. Talwalkar, Foundations of Machine Learning, the MIT Press, 2012. ISBN:
0-262-01825-X.

[25] E. Alpaydin, Introduction to Machine Learning, MIT Press, 2014. ISBN: 978-0-262-02818-9.

[26] P. Harrington, Machine Learning in Action, 1st Edition, Manning Publications Shelter Island, NY, 2012.
ISBN: 978-1-61729-018-3.

[27] E. Kartal, Siniflandirmaya dayali makine 6grenmesi teknikleri ve kardiyolojik risk degerlendirmesine
iliskin bir uygulama, PhD. Thesis, Istanbul University, 2015.

[28] Zendehboudi Alireza, Baseer MA, Saidur R. Application of support vector machine models for
forecasting solar and wind energy resources: a review. J Clean Prod 2018;199:272-85.

[29] Tasgl Erdal, Onan Aytug. ~ Investigation of the effect of K-nearest neighbor algorithm parameters on
classification performance. In: Turkish) akademik bilisim; 2016.

[30] R.Gurfidan, M. Ersoy, Classification of Death-Related to Heart Failure by Machine Learning Algorithms,
Advances in Artificial Intelligence Research, 1(1) (2021) 13-18.

[31] F. Yang, An implementation of naive Bayes classifier,"Computational Science and Computational
Intelligence (CSCI) (2018) 301-306.



