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A Multilayer Perceptron Neural Network Based Model for Predicting 

Subjective Health Symptoms in People Living in the Vicinity of Mobile Phone 

Base Stations 

Abstract 
Advances in modern technologies such as telecommunication, have widely expanded the 

applications of wireless systems. Therefore, humans are continuously exposed to electromagnetic 

fields (EMFs) produced by widely used devices such as mobile and cordless phones and Wi-Fi 

routers. According to WHO, electromagnetic hypersensitivity (EHS) is the medical term 

for variety of non-specific symptoms which afflicted subjects attribute to exposure to different 

sources of EMF. About 25% of the general population report different levels of environmental 

intolerance to factors such as EMFs and studies performed in Europe shows that about 75% of 

general practitioners had visited patients complaining of EHS. In this paper, multilayer 

perceptron neural network (MLPNN) based models are proposed to predict the subjective health 

symptoms in inhabitants living in the vicinity of mobile phone base stations. The classifier uses 

several parameters such as demographic data, environmental exposure to mobile phone station, 

and health condition of an individual as input to estimate subjective health symptoms. Out of 699 

data sets recorded from 363 men and 336 women via questionnaire, 70% was used for training, 

15% for validation and the remaining 15% for testing the developed system. The performance of 

the developed system (sensitivity and specificity) in predicting the subjective health symptoms 

are as follows: headache (72%, 91%), fatigue (8%, 98%), sleep disturbance (97%, 93%), 

dizziness (65%, 85%), vertigo (65%, 84%). These promising results suggest that using this 

system might be useful as a means for predicting the health symptoms in people living in the 

vicinity of mobile phone base stations which ultimately enhances the quality of life of these 

individuals through providing appropriate medical and introducing effective methods for 
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reducing the effect of these exposures. 

Keywords: Mobile Phone Base Stations, Electromagnetic Hypersensitivity (EHS), Artificial 

Neural Network, Radiofrequency (RF). 

 

1. Introduction 

The past few decades have witnessed an exponential advance in modern technologies such as 

telecommunication and the applications of wireless systems. More than ever, now humans are 

continuously exposed to electromagnetic fields (EMFs) produced by different sources ranging 

from wireless baby watch to Wi-Fi routers, mobile and cordless phones. The rapid growth of 

wireless technology has raised global concerns about how exposure to EMF may affect human 

health (Abdel-Rassoul et al., 2007; Berg-Beckhoff et al., 2009; Bortkiewicz et al., 2012; Gomes, 

Al Zayadi, & Guzman, 2011; Hutter, Moshammer, Wallner, & Kundi, 2006; Loughran et al., 

2016; Safian et al., 2016; Schoeni, Roser, Bürgi, & Röösli, 2016; Shen et al., 2016; Son et al., 

2016). According to world health organization (WHO), electromagnetic hypersensitivity (EHS) 

is the medical term for a variety of non-specific symptoms, which afflicted individuals attribute 

to exposure to EMF. It has been reported that about 25% of the general population report 

different levels of environmental intolerance to factors such as EMFs (Nordin & Nordin, 2016). 

Furthermore, studies performed in Europe shows that about 75% of general practitioners had 

visited patients complaining of EHS (Slottje et al., 2016). Although the underlying mechanisms 

are not fully understood, now we know that the health symptoms linked to exposure to EMF are 

real and cause functional impairment. 

    Over the past several years, several studies have been conducted to investigate the health risks 

of electromagnetic fields (Abdel-Rassoul et al., 2007; Ahlbom et al., 2001; Berg-Beckhoff et al., 
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2009; Bortkiewicz et al., 2012; Brain et al., 2003; Elliott et al., 2013; Feychting & Ahlbom, 

1993, 1995; García, Sisternas, & Hoyos, 2008; Gomes et al., 2011; Habash, Brodsky, Leiss, 

Krewski, & Repacholi, 2003; Hutter et al., 2006; Johansen, 2004; Maslanyj et al., 2007; Meo et 

al., 2015; S. M. J. Mortazavi et al., 2012; S. M. J. Mortazavi, 2013; S. M. J. Mortazavi, Ahmadi, 

& Shariati, 2007; S.M.J Mortazavi et al., 2013). At the non-ionizing department of Ionizing and 

Non-ionizing Radiation Protection Research Center (INIRPRC) at Shiraz University of Medical 

Sciences, we also have conducted experiments on the health effects of exposure to different 

sources of electromagnetic fields such as cellular phones ( S. Mortavazi et al., 2009; S. M. J. 

Mortazavi et al., 2008, 2012, 2014, 2007; S.M.J. Mortazavi, Taeb, & Dehghan, 2013; S.M.J 

Mortazavi et al., 2013), mobile base stations (S. A. Mortazavi, Mortazavi, & Mortazavi, 2016; S. 

M. J. Mortazavi, 2013), mobile phone jammers (S.M.J. Mortazavi et al., 2013) and laptop 

computers (S.M.J Mortazavi et al., 2010). Regarding the challenging issue of electromagnetic 

hypersensitivity, we have previously shown that when the self-reported hypersensitive 

participants were asked to report their perception about the real and sham exposures, only 25% 

could discriminate the real exposure/sham exposure phases (this simply could be due to chance). 

Furthermore, when all of the these hypersensitive participants were connected to intensive care 

unit (ICU) monitors and the alterations in their heart rate, respiration, and blood pressure during 

real and sham exposure phases were recorded, no statistically significant changes between the 

means of these parameters were detected in real/sham exposures. At that time (this dates back to 

2011) we concluded that psychological factors are possibly involved 

in electromagnetic hypersensitivity (S. M. J. Mortazavi et al., 2011). It is worth noting that this 

conclusion was flawed due to the limitations we had in our previous studies and when we 

obtained sufficient data, we realized that EHS was not linked to psychological issues. Later we 
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introduced a novel multi-phase method for effective screening of the patients diagnosed with 

electromagnetic hypersensitivity(Khademi, Mortazavi, Haghani, & Mortazavi, 2014; Mortazavi, 

Khademi, Motamedifar, Haghani, & Mortazavi, 2014) .   

 Artificial neural networks (ANNs) are gaining a great deal of interest in pattern recognition and 

data analysis mainly because of their flexibility and ability to adapt complicated problems. In 

fact, the configuration of ANNs is developed through training by cyclical processing of the 

training samples. In addition, recent advances in computer and software technology have led to 

the development of toolboxes and simulator software that make designing and developing an 

appropriate network relatively simple. In recent years, there has been an explosion of interest in 

the application of ANNs in health systems, biomedicine, and biomedical engineering. This rapid 

rise has led to the development of several algorithms for biomedical signal processing (Kamali, 

Boostani, & Parsaei, 2014; Parsaei, Nezhad, Stashuk, & Hamilton-Wright, 2009; Parsaei, 

Nezhad, Stashuk, & Hamilton-Wright, 2010; Parsaei & Stashuk, 2013, 2011; Rasheed, 2007; 

Thompson, Picton, & Jones, 1996; Xu, Xiao, & Chi, 2001), medical image processing (Amiri, 

Movahedi, Kazemi, & Parsaei, 2017; Bezdek, Hall, & Clarke, 1993; Daniel J Withey, 2008), 

clinical decision support systems (Graupe, Liu, & Moschytz, 1988; Güler & Koçer, 2005) and 

medical data analysis. In this paper, a system based on multilayer perceptron neural network 

(MLPNN) is presented for predicting subjective health symptoms in people living near mobile 

phone base stations.  The characteristics of this method, its objectives and how it was developed 

and evaluated, are presented in detail in this paper.  
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1. Methodology 

The presented method is to predict the subjective health symptoms in individuals living near 

mobile-base stations. More specifically, the main objective was to determine if these individuals 

may have health symptoms such as headache, fatigue, sleep disturbance, discomfort depression, 

loss of memory, dizziness, libido decrease, nervousness, and palpitations.  As with other pattern 

recognition system, the developing process consists of three main steps:  data collection, data 

preprocessing, feature extraction, and classification. Following is a detailed description of these 

steps.  

1.1. Data collection 
 

Data were collected through a questionnaire-based conducted on 699 individuals (363 men, 336 

women) living in the vicinity of cellular phone base stations, in Shiraz, Fars, Iran. Trained 

interviewers interviewed participants selected by a random sampling method at a multistage 

program. The first step was the selection of some mobile phone base-stations out of a few 

hundred stations existing in Shiraz. For this purpose, we randomly selected 20% of the stations 

in each district of Shiraz (Shiraz was divided into 11 districts). In the second step, houses located 

at distances <1000m were selected. Then houses were divided into 4 different categories based 

on their distance from the nearest station (less than 100m, 100-300 m, 300-600 m and 600-1000 

m). The rationale for selecting these distances was the findings of our previous study which 

revealed that living at a distance of < 300 m to base station can lead to symptoms such as 

tiredness headache, sleep disturbance, discomfort, irritability, depression, loss of memory, 

dizziness, and altered libido. In this study, people living at distances greater than 600m were 

considered as the control group to prevent any selection bias due to potential differences in 
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socio-economic and lifestyle factors. All participants signed an informed consent before 

answering the questionnaires prepared for this study. In total, 363 men (32 ±13years) and 336 

females (32 ±12years) were examined. 

 

1.2. Data Preprocessing 
In this step, the objective was to find the outliers and remove them from further analysis. This 

step was completed by finding inconsistent data via using graphical method such as scatterplots 

and box plots. Inconsistent data were those which one of the recorded parameters was 

unacceptable (e.g., the daily cellphone use >24 hour). 

Moreover, to reduce the dimensionally of the feature space (number of input parameters), we 

used sequential forward selection (SFS) technique (Duda, Hart, & Stork, 2000). The SFS 

algorithms are a family of dimension reduction/feature selection methods that are used to select a 

subset of features that is most relevant to the problem. The SFS algorithms start with an empty 

set and then add one feature at the time based on the classifier accuracy until either the classifier 

accuracy is saturated or a feature subset of the desired size is reached. The objective of using the 

SFS algorithm in this work was to reduce the computational complexity of the system and the 

generalization error of the system by removing irrelevant features.  

1.3. Classification 
Classification, by definition, is the problem of assigning a label to a new pattern (sample), by 

using a set of data that their class labels are known (i.e., training data). An algorithm that 

implements classification is known as a classifier. In this work, artificial neural network-based 

systems have been used to predict the health status of a subject living in the vicinity of a mobile-

base station. Specifically, the objective was to determine if these subjects may have health 
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symptoms such as headache, fatigue, sleep disturbance, discomfort depression, loss of memory, 

dizziness, libido decrease, nervousness, and palpitations. 

In this work, we used a Multi-layer Perceptron Neural Network for classification purpose. 

MLPNN is a feed-forward multilayer network architecture composed of several layers of 

neurons, an input layer, an output layer and several hidden layers (Haykin, 2008). For most 

problems, a network with one hidden layer is used as it is shown that such a three –layer neural 

network can resolve complicated pattern recognition problems. An example of a three –layer 

neural network is shown in Figure 1.  

Designing an MLPNN–based classifier includes two main steps: a) determining architecture and 

its parameters (number of layers and number of neurons in each layer); and b) training the 

network.  The MLPNN used in this work consists of three layers: an input layer, a hidden layer, 

and an output layer. The input layer consists of 11 neurons which are equal to the number of 

features (parameters) used to represent living status of the subject under study. Specifically, the 

developed MLPNN model consists of 11 input nodes corresponding to:  sex, age, daily mobile 

phone usage (min), mobile phone usage (month), cordless phone use (month), distance from 

mobile base station antennae (meter), duration of exposure to the antenna (hour), duration of 

residence in the present house (month), daily use of video display units (VDU) (min), living in 

the vicinity of a power line (yes/no), using other wireless devices (yes/no).  

The output was the health status of the individuals. In this work we used one-versus-the other 

strategy in designing the classifier. Therefore, the MLPNN consisted of only one node. In total 

five MLPNN were designed so that each one predicting one symptom.  

The number of neurons in the hidden layer was determined experimentally using cross-
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validation, by setting different values for the number of neurons in the hidden layer (1 to 20), the 

network with the highest accuracy was chosen as the best system. Based on the obtained results, 

a hidden layer containing 10 neurons each including a sigmoid activation function provided the 

minimum testing error. For the output layer, two neurons were used. Training an MLPNN means 

estimating the value of the weights of the network using a learning algorithm such that the total 

error between the values estimated by the trained network and target value is minimized. Here, 

we used back propagation algorithm (Haykin, 2011), a widely used training algorithm, for this 

purpose. MATLAB software was used for all computations. 

 

 

Figure 1: A three layer Perceptron Neural Network (Haykin, 2011) 
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2. Results and Discussion  

Considering the studied symptoms which served as the gold standard (ground truth), the 

performance of the developed MLPNN-based health condition prediction system was evaluated 

in terms of correctly predicting the type of symptom. Three performance indices were used for 

this purpose: sensitivity, specificity, and accuracy. These three indices are given by 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
× 100 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
× 100 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
× 100 

where the parameters 𝑇𝑃, 𝑇𝑁, 𝐹𝑃, and FN are defined as follows. 

 

𝑇𝑃 : Number of subjects that correctly identified as with symptom.  

TN: Number of subjects that correctly identified with no- symptom. 

FP : Number of no- symptom individuals that are incorrectly identified with symptom. 

FN: Number of people with symptom that incorrectly identified with no- symptom. 

 

The classification performances of the developed system are summarized in Table 1. In 

estimating the performance of the developed MLPNN, out of 699 data sets recorded from 363 

men and 336 women via questionnaire, 70% was used for training, 15% for validation and the 

remaining 15% for testing. In this Table, the performance indices only for testing data were 

reported. 

As shown in Table 1, for most symptoms, the developed system could predict the subjective 

health symptoms with acceptable performance. However, the system was unable to predict 

fatigue status well. This may be due to many factors such as this point which fatigue can be 

caused by numerous factors other than exposure to EMF. 
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Table 1 Performance of the developed MLPNN-based system in predicting subjective health 
symptoms for people living near mobile phone base stations 

Symptom Sensitivity (%) Specificity(%) Accuracy(%) 

Headache 
71.8 90.9 83.8 

Sleep disturbance 
82.1 83.3 82.9 

Dizziness 
65.2 85.4 81.0 

Vertigo 
65.0 84.7 81.0 

Fatigue 
8.3 98.9 88.6 

 

For all of the cases, the specificity of the system was higher than its sensitivity in predicting 

the subjective health symptoms. There are several reasons for this outcome. One possible reason 

is that the individuals with “No symptom” may answer the questions more correctly than the 

other subjects. In other words, the data for no symptom class are less noisy that the other class.  

The second reason is that the number of patterns in “no symptom” class is higher than that of the 

other class which causes the MLPNN adapts this class and learns the patterns related to this 

group better than the other classes. 

In terms of designing the system, as mentioned above we used one-versus- the other strategy in 

designing the classifier, in which for predicting each of the discussed five symptoms (headache, 

sleep disturbance, dizziness, vertigo, fatigue) a single MLPNN was designed. For this five-class 

classification problem, a single MLPNN with 11 input nodes and 5 output nodes can be used to 

design the desired system. However, preliminary results showed that performance of this system 

is low and is not acceptable. In other words, we found that a single  model did not work in 

predicting all of the studied symptoms. Hence, we used a separate model for each symptom. 
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The effect of the studied variables on each symptom considered in this work are different. 

Based on the results obtained by using sequential forward selection (SFS) technique (discussed 

in sub-section 1.2) , the most effective variable for headache symptom is “daily mobile phone 

usage”. There is an interaction between this variable and  the two variables “duration of exposure 

to the antenna” and mobile phone usage (month). This results  suggests that who “overuse” their  

cell phones as it is are better off not living near a base station. For  sleep disturbance symptom, 

the  three most effective features are  “daily mobile phone usage”, “duration of exposure to the 

antenna” and “cordless phone use”. As we can see again overusing cell phones and cordless 

phones along with leaving near the BTS stations may cause sleep disturbance symptom. The 

same results are obtained for dizziness symptom. For the last studied symptom, the most 

important parameters are “Sex”and “duration of exposure to the antenna (hour)” are the most 

important variables.  

The present study was prospective and not randomized; the objective was assessing the role of 

MLPNN-based models in predicting the health risks of exposure to EMF sources for an 

individual. We used relatively simple variables as inputs. Therefore, when the model is 

developed (i.e., the MLPNN is trained), similar variables would be needed to provide the 

required information (prediction). In terms of application, this model may help physicians and 

scientists reduce the health risks of electromagnetic fields via predicting the subjective health 

symptoms for people currently living or who would like to move to houses in the vicinity of 

mobile phone base stations. In other words, this MLPNN-based system can be used to investigate 

if a person is EHS or not and ultimately help us predict the health risks of living in the vicinity of 

mobile base stations. In terms of using  this mode, it is easy and straight forward because many 

softwares such as MATLAB and  R has neural network toolbox induced. So, the user who is 
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interested to use the models presented in this work can collect his/her data, use the parameters 

discussed in this paper then put them in the toolbox. 

3. Conclusions  

Accurate prediction of the risk of subjective health symptoms in inhabitants living in the 

vicinity of mobile phone base stations can enhance the quality of their life through providing 

appropriate health care and suggesting effective methods for reducing the severity of these 

symptoms. In this paper, we proposed a MLPNN-based model for predicting the risk of several 

symptoms such as headache, fatigue, sleep disturbance, discomfort depression, loss of memory, 

dizziness, libido decrease, nervousness, and palpitations. Evaluation of the data collected in this 

survey that was conducted on 699 people living in the vicinity of cellular phone base stations, in 

Shiraz, Fars, Iran, reveals that the developed system can successfully predict the risk of 

subjective health symptoms (for most symptoms) with the sensitivities > 65% and specificities > 

83%. We hope that the robustness and accuracy of the developed system will help scientists 

promote the applications of MLPNN and pattern recognition techniques in improving the health 

of the individuals living in the vicinity of mobile phone base stations. 

 

 

Acknowledgment 

This study was technically supported by the Ionizing and Non-ionizing Radiation Protection 

Research Center (INIRPRC), Shiraz University of Medical Sciences. 

 

 

References 



Page 14 of 19 
 

Abdel-Rassoul, G., El-Fateh, O. A., Salem, M. A., Michael, A., Farahat, F., El-Batanouny, M., & Salem, 

E. (2007). Neurobehavioral effects among inhabitants around mobile phone base stations. 

Neurotoxicology, 28(2), 434–440.  

Ahlbom, I. C., Cardis, E., Green, A., Linet, M., Savitz, D., Swerdlow, A., & ICNIRP (International 

Commission for Non-Ionizing Radiation Protection) Standing Committee on Epidemiology. 

(2001). Review of the epidemiologic literature on EMF and Health. Environmental Health 

Perspectives, 109 Suppl 6, 911–933. 

Amiri, S., Movahedi, M. M., Kazemi, K., & Parsaei, H. (2017). 3D cerebral MR image segmentation 

using multiple-classifier system. Medical & Biological Engineering & Computing, 55(3), 353–

364.  

Berg-Beckhoff, G., Blettner, M., Kowall, B., Breckenkamp, J., Schlehofer, B., Schmiedel, S., … Schüz, J. 

(2009). Mobile phone base stations and adverse health effects: phase 2 of a cross-sectional study 

with measured radio frequency electromagnetic fields. Occupational and Environmental 

Medicine, 66(2), 124–130.  

Bezdek, J. C., Hall, L. O., & Clarke, L. P. (1993). Review of MR image segmentation techniques using 

pattern recognition. Medical Physics, 20(4), 1033–1048. 

Bortkiewicz, A., Gadzicka, E., Szyjkowska, A., Politański, P., Mamrot, P., Szymczak, W., & Zmyślony, 

M. (2012). Subjective complaints of people living near mobile phone base stations in Poland. 

International Journal of Occupational Medicine and Environmental Health, 25(1), 31–40.  

Brain, J. D., Kavet, R., McCormick, D. L., Poole, C., Silverman, L. B., Smith, T. J., … Weaver, J. C. 

(2003). Childhood leukemia: electric and magnetic fields as possible risk factors. Environmental 

Health Perspectives, 111(7), 962–970. 

Daniel J Withey, Z. J. K. (2008). A review of medical image segmentation: methods and available 

software. International Journal of Bioelectromagnetism, 10, 125–148. 

Duda, R. O., Hart, P. E., & Stork, D. G. (2000). Pattern Classification (2nd ed.). Wiley-Interscience. 



Page 15 of 19 
 

Elliott, P., Shaddick, G., Douglass, M., de Hoogh, K., Briggs, D. J., & Toledano, M. B. (2013). Adult 

cancers near high-voltage overhead power lines. Epidemiology (Cambridge, Mass.), 24(2), 184–

190.  

EMF-Portal | A comparative study on the increased radioresistance to lethal doses of gamma rays after 

exposure to microwave radiation and oral intake of flaxseed oil. (n.d.). Retrieved March 14, 2017. 

Feychting, M., & Ahlbom, A. (1993). Magnetic fields and cancer in children residing near Swedish high-

voltage power lines. American Journal of Epidemiology, 138(7), 467–481. 

Feychting, M., & Ahlbom, A. (1995). Childhood leukemia and residential exposure to weak extremely 

low frequency magnetic fields. Environmental Health Perspectives, 103 Suppl 2, 59–62. 

García, A. M., Sisternas, A., & Hoyos, S. P. (2008). Occupational exposure to extremely low frequency 

electric and magnetic fields and Alzheimer disease: a meta-analysis. International Journal of 

Epidemiology, 37(2), 329–340.  

Gomes, J., Al Zayadi, A., & Guzman, A. (2011). Occupational and environmental risk factors of adult 

primary brain cancers: a systematic review. The International Journal of Occupational and 

Environmental Medicine, 2(2), 82–111. 

Graupe, D., Liu, R. W., & Moschytz, G. S. (1988). Applications of neural networks to medical signal 

processing (pp. 343–347 vol.1). 

Güler, N. F., & Koçer, S. (2005). Use of Support Vector Machines and Neural Network in Diagnosis of 

Neuromuscular Disorders. J  Med Syst., 29(3), 271–284. 

Habash, R. W. Y., Brodsky, L. M., Leiss, W., Krewski, D., & Repacholi, M. (2003). Health risks of 

electromagnetic fields. Part I: Evaluation and assessment of electric and magnetic fields. Critical 

Reviews in Biomedical Engineering, 31(3), 141–195. 

Haykin, S. O. (2008). Neural Networks and Learning Machines (3 edition). New York: Pearson. 

Haykin, S. O. (2011). Neural Networks and Learning Machines (3rd ed.). Prentice Hall. 



Page 16 of 19 
 

Hutter, H., Moshammer, H., Wallner, P., & Kundi, M. (2006). Subjective symptoms, sleeping problems, 

and cognitive performance in subjects living near mobile phone base stations. Occupational and 

Environmental Medicine, 63(5), 307–313.  

Johansen, C. (2004). Electromagnetic fields and health effects--epidemiologic studies of cancer, diseases 

of the central nervous system and arrhythmia-related heart disease. Scandinavian Journal of 

Work, Environment & Health, 30 Suppl 1, 1–30. 

Kamali, T., Boostani, R., & Parsaei, H. (2014). A Multi-Classifier Approach to MUAP Classification for 

Diagnosis of Neuromuscular Disorders. IEEE Transactions on Neural Systems and Rehabilitation 

Engineering, 22(1), 191–200.  

Khademi, M., Mortazavi, S., Haghani, M., & Mortazavi, S. (2014). EHMTI-0350. Introducing a novel 

six-phase method for effective screening of the patients diagnosed with neurological 

electromagnetic hypersensitivity (EHS). The Journal of Headache and Pain, 15(Suppl 1), L3.  

Loughran, S. P., Al Hossain, M. S., Bentvelzen, A., Elwood, M., Finnie, J., Horvat, J., … Croft, R. J. 

(2016). Bioelectromagnetics Research within an Australian Context: The Australian Centre for 

Electromagnetic Bioeffects Research (ACEBR). International Journal of Environmental 

Research and Public Health, 13(10).  

Maslanyj, M. P., Mee, T. J., Renew, D. C., Simpson, J., Ansell, P., Allen, S. G., & Roman, E. (2007). 

Investigation of the sources of residential power frequency magnetic field exposure in the UK 

Childhood Cancer Study. Journal of Radiological Protection: Official Journal of the Society for 

Radiological Protection, 27(1), 41–58.  

Meo, S. A., Alsubaie, Y., Almubarak, Z., Almutawa, H., AlQasem, Y., & Hasanato, R. M. (2015). 

Association of Exposure to Radio-Frequency Electromagnetic Field Radiation (RF-EMFR) 

Generated by Mobile Phone Base Stations with Glycated Hemoglobin (HbA1c) and Risk of Type 

2 Diabetes Mellitus. International Journal of Environmental Research and Public Health, 12(11), 

14519–14528.  



Page 17 of 19 
 

Mortavazi, S., Habib, A., Ganj-Karami, A., Samimi-Doost, R., Pour-Abedi, A., & Babaie, A. (2009). 

Alterations in TSH and Thyroid Hormones following Mobile Phone Use. Oman Medical Journal, 

24(4), 274–278.  

Mortazavi, S. A., Khademi, F., Motamedifar, M., Haghani, M., & Mortazavi, S. M. J. (2014). Human-

Induced Radioresistance as a Possible Mechanism for Producing Biological Weapons: A Feasible 

Bridge between Radiore-sistance and Resistance to Antibiotics and Genotoxic Agents. Iranian 

Journal of Public Health, 43(2), 247–248. 

Mortazavi, S. A., Mortazavi, G., & Mortazavi, S. M. J. (2016). Comments on Meo et al. Association of 

Exposure to Radio-Frequency Electromagnetic Field Radiation (RF-EMFR) Generated by Mobile 

Phone Base Stations with Glycated Hemoglobin (HbA1c) and Risk of Type 2 Diabetes Mellitus. 

Int. J. Environ. Res. Public Health, 2015, 12, 14519–14528. International Journal of 

Environmental Research and Public Health, 13(3).  

Mortazavi, S. M. J. (2013). Safety Issues of Mobile Phone Base Stations. Journal of Biomedical Physics 

and Engineering, 3(1 Mar).  

Mortazavi, S. M. J., Ahmadi, J., & Shariati, M. (2007). Prevalence of subjective poor health symptoms 

associated with exposure to electromagnetic fields among university students. 

Bioelectromagnetics, 28(4), 326–330.  

Mortazavi, S. M. J., Daiee, E., Yazdi, A., Khiabani, K., Kavousi, A., Vazirinejad, R., … Mood, M. B. 

(2008). Mercury release from dental amalgam restorations after magnetic resonance imaging and 

following mobile phone use. Pakistan Journal of Biological Sciences: PJBS, 11(8), 1142–1146. 

Mortazavi, S. M. J., Mahbudi, A., Atefi, M., Bagheri, S., Bahaedini, N., & Besharati, A. (2011). An old 

issue and a new look: electromagnetic hypersensitivity caused by radiations emitted by GSM 

mobile phones. Technology and Health Care: Official Journal of the European Society for 

Engineering and Medicine, 19(6), 435–443.  

Mortazavi, S. M. J., Motamedifar, M., Namdari, G., Taheri, M., Mortazavi, A. R., & Shokrpour, N. 

(2014). Non-linear adaptive phenomena which decrease the risk of infection after pre-exposure to 



Page 18 of 19 
 

radiofrequency radiation. Dose-Response: A Publication of International Hormesis Society, 

12(2), 233–245.  

Mortazavi, S. M. J., Rouintan, M. S., Taeb, S., Dehghan, N., Ghaffarpanah, A. A., Sadeghi, Z., & 

Ghafouri, F. (2012). Human short-term exposure to electromagnetic fields emitted by mobile 

phones decreases computer-assisted visual reaction time. Acta Neurologica Belgica, 112(2), 171–

175.  

Mortazavi, S.M.J, Tavassoli, A., Ranjbar, F., Moammaiee, P. (2010). Effects of Laptop Computers’ 

Electromagnetic Field on Sperm Quality. Journal of Reproduction & Infertility, 11(4), 251–258. 

Mortazavi, S.M.J, Taeb, S., & Dehghan, N. (2013). Alterations of visual reaction time and short term 

memory in military radar personnel. Iranian Journal of Public Health, 42(4), 428–435. 

Mortazavi, S.M.J., Mosleh-Shirazi, M., Tavassoli, A., Taheri, M., Mehdizadeh, A., Namazi, S., … Shafie, 

M. (2013). Increased Radioresistance to Lethal Doses of Gamma Rays in Mice and Rats after 

Exposure to Microwave Radiation Emitted by a GSM Mobile Phone Simulator. Dose-Response: 

A Publication of International Hormesis Society, 11(2), 281–292.  

Mortazavi, S.M.J., Parsanezhad, M., Kazempour, M., Ghahramani, P., Mortazavi, A., & Davari, M. 

(2013). Male reproductive health under threat: Short term exposure to radiofrequency radiations 

emitted by common mobile jammers. Journal of Human Reproductive Sciences, 6(2), 124–128.  

Nordin, M., & Nordin, S. (2016). Sleep and sleepiness in environmental intolerances: a population-based 

study. Sleep Medicine, 24, 1–9.  

Parsaei, H., Nezhad, F. J., Stashuk, D. W., & Hamilton-Wright, A. (2009). Validation of motor unit 

potential trains using motor unit firing pattern information. In 2009 Annual International 

Conference of the IEEE Engineering in Medicine and Biology Society (Vol. 2009, pp. 974–977).  

Parsaei, H., Nezhad, F., Stashuk, D., & Hamilton-Wright, A. (2010). Validating motor unit firing patterns 

extracted by EMG signal decomposition. Med Biol Eng Comput., 1–10. 

Parsaei, H., & Stashuk, D. (2013). EMG Signal Decomposition Using Motor Unit Potential Train 

Validity. IEEE Transactions on Neural Systems and Rehabilitation, 21(2), 265–274. 



Page 19 of 19 
 

Parsaei, H., & Stashuk, D. W. (2011). Adaptive motor unit potential train validation using MUP shape 

information. Medical Engineering & Physics, 33(5), 581–589.  

Rasheed, S. (2007). A Hybrid Classifier Fusion Approach for Motor Unit Potential Classification During 

EMG Signal Decomposition. IEEE Trans Biomed Eng., 54(9), 1715–1721. 

Safian, F., Khalili, M. A., Khoradmehr, A., Anbari, F., Soltani, S., & Halvaei, I. (2016). Survival 

Assessment of Mouse Preimplantation Embryos After Exposure to Cell Phone Radiation. Journal 

of Reproduction & Infertility, 17(3), 138–143. 

Schoeni, A., Roser, K., Bürgi, A., & Röösli, M. (2016). Symptoms in Swiss adolescents in relation to 

exposure from fixed site transmitters: a prospective cohort study. Environmental Health, 15, 77.  

Shen, Y., Xia, R., Jiang, H., Chen, Y., Hong, L., Yu, Y., … Zeng, Q. (2016). Exposure to 50Hz-

sinusoidal electromagnetic field induces DNA damage-independent autophagy. The International 

Journal of Biochemistry & Cell Biology, 77(Pt A), 72–79. 

Slottje, P., van Moorselaar, I., van Strien, R., Vermeulen, R., Kromhout, H., & Huss, A. (2016). 

Electromagnetic hypersensitivity (EHS) in occupational and primary health care: A nation-wide 

survey among general practitioners, occupational physicians and hygienists in the Netherlands. 

International Journal of Hygiene and Environmental Health.  

Son, Y., Jeong, Y. J., Kwon, J. H., Choi, H.-D., Pack, J.-K., Kim, N., … Lee, H.-J. (2016). 1950 MHz 

radiofrequency electromagnetic fields do not aggravate memory deficits in 5xFAD mice. 

Bioelectromagnetics, 37(6), 391–399.  

Thompson, B., Picton, P., & Jones, N. B. (1996). A comparison of neural network and traditional signal 

processing techniques in the classification of EMG signals. In 1996 Artificial Intelligence 

Methods for Biomedical Data Processing, IEE Colloquium,26 Apr, 8/1-8/5. 

Xu, Z., Xiao, S., & Chi, Z. (2001). ART2 Neural Network for Surface EMG Decomposition. Neural 

Computing & Applications, 10(1), 29–38.  

 


