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Abstract

Background
In general, a predictive system for the diagnosis and prediction of nosocomial infections can help
improve the quality of services in health centers and reduce the associated costs. Therefore, the present
study was designed to predict the type and outcome of treatment of nosocomial infection patients using
neural network algorithm.

Methods
The study is a cross-sectional one based on the registered data done on the nosocomial infection data of
selected hospitals of Hamadan Province from March 2017 to March 2019, including 5,680 cases of
nosocomial infections. According to patients' information registered in the Nosocomial Infection
Registration System, nine criteria including the patients’ basic clinical information including name of the
hospital and ward, infection-causing tool, organism, time from hospitalization to infection, length of
hospital stay, age, gender, and weight were used as the explanatory criteria, and two criteria of type of
infection and the �nal outcome of treatment, together with the actual available results, were used as the
intended targets for performing the necessary analyses in data mining. In this study, neural network
algorithm was implemented using IBM SPSS Modeler Software, version 18.0.

Results
The study results showed that length of hospital stay and hospitalization ward were the most in�uencing
factors on the incidence of nosocomial infection. This network is multilayer and has two output layers
and 11 hidden layers as well as 9 input layers. The results of the algorithm, with an accuracy of 91.8%,
have had good adjustment with the actual results.

Conclusions
The results obtained from the model can help take an accurate step towards prediction of the likelihood
of nosocomial infection and its outcome. It also identi�es and prioritizes the factors in�uencing the
incidence of infection.

Background
Infections acquired within 48 to 72 hours from admission to the hospital are usually considered as
nosocomial infections, if the patient had not been in the incubation period [1, 2]. Nosocomial infection
manifestations may occur during the hospitalization period or after the discharge [3]. According to the
statistics, more than two million people worldwide suffer from nosocomial infections annually [3]. The
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World Health Organization (WHO) estimates that at least 15% of hospitalized patients develop
nosocomial infections [4]. The rate of nosocomial infections in developed industrialized countries is
about 5–10% and in developing countries, it is 20–25% [5]. Studies done around the world have reported
a prevalence of nosocomial infections ranging from 4 to 47% [8 − 5,3]. Nosocomial infections
signi�cantly increase hospital costs by imposing extra medicine use, especially antibiotics, and
increasing the length of hospital stay [9]. Evidence shows that by employing effective methods in relation
to the nosocomial infection care system, the incidence of nosocomial infection will be reduced by one-
third [10].

Today, data are the most important asset of organizations, including health organizations, and proper
data collection and analysis is a crucial factor in the success of health organizations. The presence of
these data is useful only when they can be used and data mining makes the use of data possible [11]. In
fact, data mining is an advanced form of decision support and generates patterns, processes, and rules
without any need for the user to ask questions [12].

The most important reason for using data mining is to increase the volume of existing and future data of
the institutions and societies that require higher processing than human mental capacity and traditional
approaches [13].

However, one of the most important and sensitive areas in the health realm is the problem of nosocomial
infection which is of very sensitive physical, social and economic dimensions. Two million people on
average face nosocomial infections in the United States annually, and this has led to many researches in
this area. Obenshain in 2004, using data mining laws on patient blood cultures and clinical data obtained
from the laboratory information system, has identi�ed interesting new patterns. In this study, it has been
shown that infection control with data mining system is more sensitive and precise than traditional
infection control system [14].

In 2016, Silva et al. conducted a study based on hospital data from internal wards of Mexico hospitals
over a �ve-year period. By using the powerful CDSS system, they could predict internal infections and
reduce the incidence of nosocomial infections, decrease the costs, improve the health system, and
increase patient safety [15].

In general, the availability of a system for predicting nosocomial infections can help improve the quality
of the services at the health centers and reduce costs. Accurate and timely analysis of available
information helps prevent the infections to a large extent and provide knowledge to detect and predict
infections [16]. Therefore, the present study is designed to predict the type and outcome of treatment of
nosocomial infection patients using neural network algorithm.

Methods
The present study is cross-sectional based on the registered data, done on the hospital infection data of
selected hospitals of Hamadan Province including Alimoradian Hospital in Nahavand, Valiasr Hospital in
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Tuyserkan, Ghaem Hospital in Asadabad, Valiasr Hospital in Razan, Imam Reza Hospital in
Kabudarahang, Imam Hossein and Mehr Hospitals in Malayer, Be’sat Hospital, Shahid Beheshti Hospital,
Fatemiyeh Hospital, Farshchian Hospital, and Sina Hospital in Hamadan City from March 2017 to March
2019, which included 5,680 cases. Nosocomial infections data of the hospitals are regisyered daily by a
trained nosocomial infection expert in the Nosocomial Infection Software and is sent quarterly to the
Deputy of Health. The data collection tool in this study was the output of Nosocomial Infection
Registration Software that can be accessed as an excel �le.

This software contains information such as hospital name, ward, infection type, date of infection
incidence, date of hospitalization, gender and age of the patient, time from hospitalization to infection,
and types of organism causing the infection. To register the information in the software, some
considerations should be taken into account; for example, if more than one organism is reported,
organisms that have had a larger number of colonies as well as a signi�cant share of infection are
registered. Besides, the criterion for the record in the system is the infection, not the patient, so a separate
�le is created for each infection, and one patient may be registered in the system several times due to the
incidence of different infections during one hospitalization.

Considering the purpose of the present study, which is the classi�cation and prediction of the type of
micro-organism causing the infection as well as the nosocomial infection treatment outcome according
to the patient's condition, a suitable and high-precision method should be selected for obtaining the
results. One of the best methods for data prediction and classi�cation in data mining is neural network
algorithm whose procedure is derived from human brain neurons. This algorithm �rst receives training
based on the existing data and then predicts and classi�es new data based on the received training.

In the neural network method, the result is obtained by experiment and iteration, i.e. at �rst one or more
subjects are selected as the target and then a set of data is iteratively tested with the predetermined
target results until the algorithm achieves the desired learning pattern. As a result, the data analysis
method is experimental. Overall, 80% of the available data were designated as training data and 20% as
experimental data. To evaluate the e�ciency of the applied methods, the model accuracy criterion or
percentage of correct responses was used.

The neural network entries were coded medical information extracted from the patient’s past diseases
history. In the present study, based on the patient information registered in the system, nine criteria
involving the patient's basic clinical information, including name of the hospital and ward, infection-
causing tool, organism, time from hospitalization to infection, length of hospital stay, age, gender, and
weight were used as the explanatory criteria and two criteria of type of infection and the �nal outcome of
treatment which is either death or discharge, together with the actual available results, were used as the
intended targets for performing the necessary analyses in data mining.

Intelligent neural networks can discover the hidden scienti�c aspects and hidden relationships behind the
data by analyzing the data and examining the relationship between the actual inputs and outputs. In this
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study, neural network algorithm was implemented using IBM SPSS Modeler Software, version 18.0.
Signi�cance level of relations was considered less than 5% in all statistical stages.

Results
Prediction using arti�cial neural network of the 9 parameters, which are also depicted in Fig. 1, is also
used as an input for network training. The neurons in the input layer are the clinical features of the
patient. For network training, after introducing the input data, the output values for the inputs are
introduced to the system and network training begins. After training the network using real-world inputs
and outputs, the neural network can be used to get results for new inputs.

Each input has a real output and in the neural network, each output is a linear function of its input. In
arti�cial neural networks, linear functions have parameters that can be adjusted to achieve the minimum
error in training. The network can be trained by data from a group of subjects, and this can be done until
the best value of the parameters is found to get the least error in the network [17].

Supervised Learning and Feed-Forward Neural Network with Back Propagation of Error Algorithm was
used to predict the type of nosocomial infection and the outcome of the treatment. Neurons can use
different stimulus functions to generate output, the most common of which are sigmoid logarithm
functions, the sigmoid tangent, and the linear stimulus function.

The stimulus function used in this study is of the sigmoidal tangent type.

In the present study, among the different training methods, Back Propagation of Error Method, the
Levenberg-Marquardt Algorithm, has been used due to the faster convergence in the training of medium-
sized networks. The Back Propagation of Error Algorithm changes the network weights and bias values to
reduce the performance function more rapidly [18]. The purpose is to predict the type of infection and the
outcome of this type of infection, i.e. discharge or death. Hence, there will be two neurons for the output
layer.

The network is trained with different values and the error rate was measured at the end of each iteration
and the best responses were extracted. One of the important and di�cult problems is determining the
optimal number of hidden layers and the number of nodes. Trial and error method is a way to determine
the best network structure. To �nd the number of nodes in the hidden layer and to have the minimum
error, an algorithm was proposed by Hirose et al that through the change in the number of hidden nodes
and calculation of the minimum error iterates until the iteration in which the mean squared error (MSE)
which is less than determined value is found.

As shown in Fig. 2, the model is multilayered and the appropriate number of hidden nodes of the network
is assumed to be 11 which has the lowest error rate of 8.2%. In addition, the accuracy of the model in this
case is 76.9% that indicates the optimal performance for prediction using arti�cial neural network. After
selecting the best architecture and building the network with 11 neurons in the hidden layer, the process
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of training mode and testing the model began. After preparing the data, an arti�cial neural network model
was developed which was of MLP neural network type.

After network training, the system error was determined via the speci�ed output given by the user (actual
output) and the output speci�ed by the model. Figures 3 and 4 illustrate the degree of consistency and
inconsistency between the actual output and the model output, respectively.

Figure 4. Part of the results of the table of the adjustment of the prediction with reality for the target of
the infection code

Since each of the indicated criterion has a speci�c impact with a certain percentage, each of these criteria
is identi�ed with a degree of importance in this model, which is signi�cant in the results of the model. The
degree of importance determined by the model is illustrated in Fig. 5. As shown in the �gure, the most
important criterion is the length of hospital stay, followed by a slight difference by the name of the ward
and tool, and the least signi�cant is the gender criterion.

Based on the results obtained for the analysis of the results of all data, including the experimental data
and test data - and not merely the test data-, were compared with their actual results to compare the
adjustment percentage of the results of the algorithm and the actual results. The results of this
adjustment for both of the intended targets can be observed in Table 1.

Table 1
Analysis of obtained results and actual results
Comparison with the target of the result

  Training Data Test Data

Correct 4157 91.48% 1027 90.48%

Incorrect 387 8.52% 108 9.52%

Total 4544   1135  

Comparison with the target of infection code

  Training Data Test Data

Correct 2833 62.35% 686 60.44%

Incorrect 1711 37.65% 449 39.56%

Total 4544   1135  

As shown in the table, the rate of adjustment in the �rst target, which is the result of the infection, is very
high, but in the second target, although this result has a high percentage, it is not as large as the �rst
target. This is due to two factors. The �rst target only has two modes, namely, death or discharge, but in
the second target, the high incidence of infections has increased the number of probable modes; thus, the
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adjustment of the results would have a lower quality. There are 43 types of infection codes in this type of
data. The second reason is related to the data malfunction, which despite the pre-processing and
fundamental correction of the data, still has an impact on the results.

In the �rst target characteristic, all records are registered and identi�ed and there are no defects but in the
second target characteristic, many records are not registered, meaning that the type of infection is not
identi�ed, which greatly affects the results obtained from the model. It is clear that the above two
problems must be resolved to achieve higher quality results in the second target function, i.e. the type of
infection. The �rst problem decreases sharply as the number of data increases and the second problem
ends with the correct data registration.

Discussion And Conclusions
Nosocomial infection is one of the most important problems in the medical �eld that in addition to the
adverse effects on patients with infection such as prolonged treatment and the patient's death has
negative effects on the health and economy of society. Given the problems caused by nosocomial
infections for patients, the patient's awareness of infection likelihood in terms of the clinical and location
conditions present in the ward and hospital as well as the length of hospital stay is of importance.
Consequently, if, based on the input data of a prediction, expert physicians be able to be aware of the
likelihood of the type of infection that a patient may acquire, and predict the percentage of the probability
of death, treatment, and discharge, they can be of great help in preventing infection as well as in creating
favorable conditions to prevent the death of the patient [19].

Data mining technique in health care settings can be used in health insurance issues to detect fraud and
abuse in health policy making, in order to use the best and most effective treatment method [20]. Due to
the importance of this subject, this study seeks to provide an algorithm for classi�cation and prediction
of data in databases of medical and health care organizations and among available methods, the
Arti�cial Neural Network method is used.

This network is multilayer and has two output layers and 11 hidden layers as well as 9 input layers. The
results of the algorithm, with an accuracy of 91.8%, have had good adjustment with the actual results.
The study results showed that the length of hospital stay is the most in�uencing factor on the incidence
of nosocomial infection. Further, the hospitalization ward has the second most important role in the
incidence of infection and the hospital has the �fth rank. Apart from the physicians, hospital managers
and authorities can also use these infection-related criteria to improve general conditions of the hospital.
In regards with the charts showing the impact of hospital type and ward type on the incidence of
nosocomial infection, government and private sectors can provide incentive and punitive plans for
hospital management. Besides, by focusing on the intended hospitals and wards, the conditions causing
the incidence of infection can be reduced.

Two million people acquire nosocomial infections in the United States annually; therefore, big focus has
been put on identifying these patients. In Alabama, for example, by using data mining laws and
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relationships on patient blood cultures and clinical data obtained from the laboratory information system,
new and interesting patterns are speci�ed and patterns examined by infection control experts are
prepared on a monthly basis. The makers of this system have found that promotion of the nosocomial
infection control by a data mining system is more sensitive than the traditional nosocomial infection
control system [14]. The results of the study by Karim et al., in Mashhad using data mining techniques to
determine factors related to the length of hospital stay showed that hospital stay, referral reason and age
variables are the most important factors associated with the increase of the length of hospital stay [21 ].
In their study, Azizi et al., using data mining techniques, identi�ed body surface area (BSA) burn, degree of
burn, and length of hospital stay as three factors in�uencing mortality of burn patients [22]. Obviously,
such �ndings can be useful for planning and optimal allocation of resources and reducing medical costs
in health care centers [19].

The important issue of nosocomial infection and its prevalence, as well as the registering and storage of
infection-related data, have provided a good basis for future research. As a suggestion, classi�cation and
evaluation of the effects of infection in the two sensitive groups of infants and the elderly can be very
important. In addition, considering the importance of the duration of treatment and its effects, the length
of hospital stay related to nosocomial infection and its in�uencing factors can be evaluated and
predicted.

Given that the main basis of this type of research is the existence of actual data on the subject in
question, there are many limitations in the collection and availability of relevant data in these types of
researches from which the present study is not excluded. Data mining methods also need data that are
more sensitive from the point of view of accuracy to do the analysis. This research has spent a great deal
of time to correct and adjust the data in order to use them.
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Figure 1

Three layer neural network architecture of the research
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Figure 2

Structure of the accuracy of the model

Figure 3

Table of the adjustment of the prediction with reality for the target of the �nal outcome (death or
discharge)
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Figure 4

Part of the results of the table of the adjustment of the prediction with reality for the target of the
infection code
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Figure 5

The importance degree of the criteria derived from the mod


