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SAŽETAK

Sepsa je najozbiljnija posljedica bakterijskih 
infekcija, drugim riječima, stanje opasno 
po život. Tijekom infekcije, reakcije nekih 
od komponenata urođenog imunološkog 
sustava mogu, pod određenim okolnosti-
ma, izazvati višestruku disfunkciju organa 
te oštećenje tkiva. Srećom, pravodobnim 
liječenjem moguće je spriječiti posljedice. Al-
goritmi koji se koriste za rješavanje problema 
predviđanja pojave sepse su: metoda pot-
pornih vektora (SVM), k-najbližih susjeda 
(KNN) i umjetna neuronska mreža (ANN). 
Podaci korišteni u ovom istraživanju sastoje 
se od 23 medicinska parametra za svakog 
pacijenta, što je ukupno 2277 točaka u setu 
podataka. Za svaki od navedenih algoritama 
ispitane su različite kombinacije parametara, 
kao i različite vrste kernel funkcija (SVM), 
arhitektura (ANN) i broj najbližih susjeda 
(KNN). Eksperimentalni rezultati pokazali 
su da ANN metoda postiže najvišu AUC vri-
jednost (0.992) u usporedbi s drugim meto-
dama poput SVM i KNN.

Ključne riječi: Sepsa, umjetne neuronske 
mreže, metoda potpornih vektora, k-najbližih 
susjeda

ABSTRACT

Sepsis is the most severe consequence of bac-
terial infections, in other words, a potentially 
life-threatening condition. During infection, 
some components of the innate immune 
response can, under certain circumstances, 

cause multiple organ dysfunction and tissue 
damage. Fortunately, timely treatment can 
prevent the consequences. The algorithms 
used to solve the problem of predicting sep-
sis occurrence are Support-Vector Machine 
(SVM), K-Nearest Neighbors (KNN) and Ar-
tificial Neural Network (ANN). The dataset 
used for this research consists of 23 different 
medical parameters for each patient, which is 
the total of 2277 data-points. For each of the 
aforementioned algorithms, different combi-
nations of parameters were examined as well 
as different types of kernel functions (SVM), 
architectures (ANN), and number of nearest 
neighbors (KNN). The experimental results 
showed that the ANN approach achieves the 
highest AUC value (0.992) compared to the 
other approaches like SVM and KNN.

Keywords: Sepsis, Artificial Neural Networks, 
Support Vector Machines, K-Nearest Neigh-
bors

INTRODUCTION

Some machine learning models can use a 
large number of variables to predict out-
comes of various diseases. Those methods 
can facilitate automation and application 
within a clinical decision support system, 
especially when dealing with severe cases 
such as sepsis (1). Sepsis is an inflammatory 
response of the body, often resulting in mul-
tiple organ dysfunction or tissue hypoperfu-
sion, and even death (2). It manifests itself 
in three different stages: sepsis, severe sepsis 
and septic shock, with each of these stages 

being more serious than previous one (3). In 
hospitals, mortality from sepsis is unaccept-
ably high, and the best treatment strategy is 
still uncertain (4). It is important to predict 
the possible occurrence of sepsis while it is 
still in its early stages. For these reasons, the 
application of artificial intelligence (AI) in 
sepsis prediction is being imposed. Methods 
like Artificial Neural Network (ANN), Sup-
port Vector Machine (SVM), and K-Nearest 
Neighbors (KNN) are widely used in com-
putation biology because of their high preci-
sion, ability to deal with high dimensions and 
large databases and their flexibility in mod-
eling diverse data sources (5, 6). In addition 
to computational biology, these methods can 
be used in medicine (7) and other various 
fields of science, technology and maritime (8 
– 10). Rapid interpretation of clinical data for 
the purpose of patient classification and pre-
dicting outcomes is paramount in emergency 
departments, and one of such emergencies is 
sepsis (11). In medicine, the cost of misclas-
sifying one category is higher than in other 
fields, so it is preferable to use a classifier with 
selective sensitivity or specificity (12). In this 
research, the idea is to implement three dif-
ferent AI algorithms for sepsis prediction in 
order to compare classification performance. 
From the foregoing, the following hypotheses 
can be drawn:
■■ to achieve a high Area Under the ROC 

Curve (AUC), and
■■ to investigate the influence of different 

optimization algorithms (ANN), kernel 
functions (SVM) and number of nearest 
neighbors (KNN) on AUC value.
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MATERIALS AND METHODS

This section is divided in Dataset Descrip-
tion and Methods Description. The Data-
set description gives a short description of 
medical parameters used for sepsis diag-
nostic. The Methods Description provides 
a brief overview and mathematical descrip-
tion of ANN, SVM, and KNN methods used 
in this research as well as a subsection where 
the Performance Evaluation is described.

Dataset description
The dataset used in this research was ob-
tained from the Clinical Hospital Center in 
Rijeka and consists of 23 different medical 
parameters for each patient. These param-
eters are labeled with “True” for having 
sepsis and “False” for not having sepsis. The 
parameters together with their marks and 
units of measurement are shown in Table 1.

The dataset contains information of medical 
parameters for 99 patients which is a total 
of 2277 data-points. 75% (1702 data-points, 
i.e. 74 patients) are used as a training set and 
25% (575 data-points, i.e. 25 patients) as a 
testing set. The dataset is nearly balanced, 
with a total of 45% positive examples. Be-
fore implementation of the AI algorithms, 
the data needs to be preprocessed (13). Pre-
processing techniques used in the research 
are: data normalization, and shuffling the 
order of the patients’ data (14). Afterwards, 
prepared data is used to solve the problem 
of predicting sepsis occurrence in patients.

Methods description
In this section, an overview of AI algorithms 
used for sepsis prediction is given, as well as 
description of the Performance Evaluation 
method.

Artificial Neural Network method
Artificial neural networks (ANN’s) consist 
of artificial neurons grouped into three or 
more interconnected layers. These layers are 
categorized into three classes: input, hidden 
(may include more than one layer), and out-
put (15). The way artificial neural networks 
store knowledge is represented by assigning 
and subsequently modifying the numerical 
values of weights. In addition to weights, a 
bias can be used, which can be considered 
as additional compensatory value for fine-
tuning of parameters (16). Furthermore, the 
idea of the activation function is to decide, 
based on the results of mathematical opera-
tions of an artificial neuron, whether to ac-
tivate the neuron and continue propagation 
through the network (17). For the purpose 
of this research, the ANN is trained using 
a supervised learning method (backpropa-

gation). The mathematical operations per-
formed by an artificial neuron in a network 
are shown in Eq. (1)

                                           
(1)

An equivalent mathematical model of an ar-
tificial neuron is shown in Fig. 1.

In this research, ANN is trained using three 
different optimization algorithms, and these 
are: 
■■ Stochastic Gradient Descent (SGD),
■■ Adam, and
■■ Root Mean Square Propagation (RM-

Sprop).

Support Vector Machine method
Support Vector Machine (SVM) is a classifi-

Table 1. Medical parameters used for sepsis diagnostic, their marks and units of measure-
ment

Parameter Mark Unit

Thrombocytes Tr 109/l

Leukocytes L 109/l

Urea U mmol/l

Creatinine Kr µmol/l

Glucose GUK mmol/l

Sodium Na mmol/l

Potassium K mmol/l

Calcium Ca mmol/l

Bilirubin BI Luk µmol/l

Albumin Alb g/l

C-reactive protein CRP mg/l

Lactate Lac (ak) mmol/l

Procalcitonin PCT µg/l

pH pH -

Partial pressure (CO2) pCO2 kPa

Partial pressure (O2) pO2 kPa

Bicarbonate HCO3 mmol/l

Total carbon dioxide tCO2 mmol/l

Surplus amount of base BE mmol/l

Oxygen saturation sO2 %

Oxygen saturation (vein blood) sO2 (vk) %

Prothrombin time PV -

International normalized ratio INR -

Sepsis Y True or False [0 or 1]

Fig. 1. Mathematical model of an artificial 
neuron 
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cation algorithm that finds a hyperplane of 
separation of different classification groups 
with the highest possible margin (18). The 
idea of SVM for linearly separable binary 
sets is to design a hyperplane that classifies 
all training vectors in two classes (19), as 
shown in Fig. 2.

 Fig. 2. Optimal hyperplane and maximum 
margin for given classes

Margin of Separation (d) is defined as the 
separation between the closest data-point 
and the hyperplane. The optimal hyper-
plane is equally distant from the nearest 
representatives of both classes and can be 
defined as

                                                           
(2)

where:
w is a weight vector,
x is input vector, and
b is bias.

The margin value can be defined as

                                                              
(3)

In order to maximize the margin, the meth-
od of Lagrange multipliers is used:

 (4)

The aforementioned mathematical explana-
tion of the SVM method has been based on 
the assumption that input data is linearly 
separable. If the problem is not linearly sep-
arable, the entire learning base needs to be 
transformed into another 3D space (20, 21). 
Furthermore, Φ represents the transforma-
tion operator. 

Kernel function “K” can be defined as

                                           
(5)

In this research, the following three different 
kernel functions are used:
Linear,
Radial Basis Function (RBF), and
3rd degree Polynomial.

K-Nearest Neighbor method
K-Nearest Neighbor (KNN) algorithm is 
one of the most used supervised machine 
learning methods (22). It is a non-paramet-
ric algorithm that classifies new input data 
into one of the classification groups (23). 
The term non-parametric means that the 
algorithm makes no assumptions about the 
underlying distribution of the data. In other 
words, the structure of the model is deter-
mined directly from the learning data. There 
are several ways to determine the distance 
between vectors within multidimensional 
space (24). The most common and appro-
priate way for classification problems is to 
use the Euclidean distance formula, which 
can be defined as

(6)

The Eq. (6) is valid assuming that all pa-
rameters of input data have the same weight 
distribution. In other words, it is assumed 
that all parameters affect the final prediction 
equally. If the foregoing is not the case, it is 
necessary to find a mathematical expression 
that will scale the influence of an individual 
parameter on the final prediction. Such an 
expression can be defined as

(7)

Eq. (7) shows that the weight coefficient w_n 
is added to the Euclidean distance formula 
(25). In this research, four different num-
bers of neighbors are used: 1, 3, 5, and 7.

Performance Evaluation
In this research, the primary metric for 
comparison is the Area Under the Receiver 
Operating Characteristic curve (AUC) (26). 
Higher AUC values indicate higher classifi-

cation accuracy. ROC curve can be plotted 
with false positive rate (FPR) on the x-axis 
and true positive rate (TPR) on y-axis (27). 
FPR can be defined as

                                               
(8)

and TPR can be defined as

                                                   
(9)

RESULTS AND DISCUSSION

In this section, AUC values of various AI al-
gorithms are compared. AUC values of vari-
ous configurations for each method are also 
compared, such as optimization algorithms, 
kernel functions, and the number of nearest 
neighbors.

RESULTS

Using an ANN model based on trained 
routine, output values are obtained for each 
patient separately. The output determines 
whether the patient is in sepsis group or 
not. Not all parameters have equal weight or 
importance in the onset of sepsis, so it was 
necessary to adjust the parameters within 
the neural network to obtain the optimal so-
lution (28). The ANN architecture that gives 
the optimal results is presented in Table 2.

Table 2. ANN architecture utilized for early 
detection of sepsis with a number of nodes 
per layer

Layer Number of 
nodes

Activation 
function

Input Layer 23 /

Hidden Layer 1 8 ELU

Hidden Layer 2 32 ELU

Hidden Layer 3 16 ELU

Output Layer 2 softmax

Using the architecture shown in Table 1, 
three optimization algorithms were com-
pared to obtain the highest AUC. The high-
est AUC value was achieved using SGD op-
timizer, as shown in Fig. 3.
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Fig. 3. AUC value versus the optimization 
algorithms for ANN designed with ELU 
activation function

Cross-Entropy was used as a loss function 
for measuring the performance of a classi-
fication model, and the highest AUC value 
achieved was 0.992.
SVM method has proven to be suitable for 
solving the problem of predicting sepsis oc-
currence in patients (29). If the patient is 
in the non-sepsis group, the algorithm will 
show “0”, and if the patient has sepsis or is in 
the high-risk group for sepsis, the algorithm 
will show “1”. The optimal results on the test 
set were given by the Linear kernel function 
with an AUC value of 0.958. AUC value for 
each kernel function is shown in Fig. 4.
 

Fig. 4. AUC value versus the kernel functions 
for SVM

Since parameters strictly related to the onset 
of disease cannot be accurately determined 
in this research, and the initial distribution 
of the parameter is relatively unknown, the 
implementation of the KNN method has 
proved to be successful with reasonable 
AUC value (30, 31). The choice of variable 
“k” directly affects the final prediction, so 
the selection of that variable depends on the 
characteristics of the problem that the algo-
rithm seeks to solve. Increasing the value of 
variable “k” reduces the impact of noise and 
irrelevant data in the input data (32). AUC 
value for different number of nearest neigh-
bors is shown in Fig. 5.

 Fig. 5. AUC value versus the number of near-
est neighbors for KNN

Value k = 1 was taken as the best solution, 
where the AUC value is highest (AUC = 
0.837). The highest AUC values of three 
proposed methods are compared in Fig. 6.

 
Fig. 6. AUC values for each configuration of 
three proposed methods

DISCUSSION

Based on all the results shown, maximal 
AUC was achieved using ANN method 
with SGD optimizer (learning rate of 0.01), 
Cross-Entropy as a loss function, and model 
architecture shown in Table 2. Furthermore, 
it can be noticed that the best results of three 
proposed methods had an AUC value of 
0.837 or higher, as is shown in Table 3.

Table 3. Performance comparison of differ-
ent methods for early detection of sepsis

Method AUC 
values

ANN – SGD optimizer 0.992

ANN – Adam optimizer 0.966

SVM – Linear kernel 0.958

ANN – RMSprop optimizer 0.947

SVM – RBF kernel 0.917

KNN – 1 nearest neighbor 0.837

SVM – 3rd degree Polynomial kernel 0.795

KNN – 7 nearest neighbors 0.712

KNN – 3 nearest neighbors 0.670

KNN – 5 nearest neighbors 0.670

The ANN approach described in this re-
search successfully predicted 24 out of 25 
patients. According to research (33), the best 
performing method is ANN with 5 hidden 
layers, SGD optimizer with a learning rate 
of 0.01, and Mean Squared Error (MSE) as a 
loss function. Such an approach successfully 
predicted 15 out of 17 patients, where the 
total number of patients in dataset was 81.

CONCLUSION

In this research, three AI algorithms for 
predicting sepsis were successfully imple-
mented. The highest AUC value achieved 
was 0.992, although the dataset was relative-
ly small. The satisfactory result came from 
the choice of optimal activation functions, 
parameters and architecture configuration. 
All three algorithms have their advantages 
and disadvantages, however, all of them can 
be suitable for solving this type of problem. 
Implemented algorithms showed promis-
ing results on a relatively small dataset. 
With more data, these algorithms have real 
potential to be implemented and used in 
real-world scenarios. However, with exist-
ing dataset, implemented algorithms can be 
used in parallel with the existing diagnostic 
methods.
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