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Abstract 
The field of Depth of Anaesthesia (DOA) is a very challenging area 

for neuro-fuzzy control since direct measurements are unavailable. During 
anaesthesia, the blood pressures (BP), the mean arterial blood pressure 
(MAP) and the heart rate (HR) are monitored to maintain hemodynamic 
stability and to assess the level of consciousness. The purpose of this study is 
to find the best input-output definitions in the Adaptive-Network-based 
Fuzzy Inference System (ANFIS) to control the Sevoflurane dose to patient 
under the general anaesthesia with the classical MAP and HR parameters. 
The best models have been found among many possible input combinations. 
This study helps to provide an alternate control for the dose of Sevoflurane 
which is widely used as an anaesthetic agent. The models have been trained 
and validated by clinical data. The results show that the patients can be 
modelled by ANFIS if sufficient HR and MAP data are provided. 
Furthermore, the model performance could be increased if the patients are 
grouped as adults and children. The performance (up to 0.99) in this study is 
comparable to recent works in similar subject which detect DOA by 
Electroencephalograms (EEG). 
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Introduction: 

In an intensive care unit or a surgical arena, anaesthesiologists are 
responsible for maintaining all their patients’ vital signs including mean 
arterial pressure (MAP), cardiac output (CO), carbon dioxide and oxygen 
levels, blood acidity, fluid levels, heart contractility and renal function. Many 
of these states do not have a direct measurement and must be inferred. These 
physiological states are maintained within acceptable ranges by infusing 
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drugs and/or intravenous fluids (Ramesh, 2003). In order to maintain these 
vital signs, some techniques were developed in the past by several research 
groups using hemodynamic variables, mean arterial pressure and cardiac 
outputs. In these types of the controllers: 

1. The physician specifies a value or range for a vital sign along with 
drug infusion rate limits, 

2. he/she decides what initial drug infusion rates should be used for a 
patient, 

3. the controller takes that information and regulates the vital sign, 
4. the physician monitors the control performance and has more time to 

evaluate the patient. 
 In the last decade, the modelling techniques including the fuzzy and 
neural approaches were applied to represent the dynamism of the various 
physiological systems such as Heart Disease Diagnosis (Adeli, 2010), 
building a gene interaction model that identifies triplets of activators, 
repressors and targets in gene expression data (Ressom, 2005), short-term 
prediction of heart rate variability in the neurological intensive care unit 
(McNamee, 2005), controlling of blood glucose in the critical diabetic 
patient (Dazzia, 2001), continuously modelling emotion using physiological 
data (Mandryk, 2007), Intelligent managing of wearable applications in 
rehabilitation (Wang, 2005).   
 The main idea of the AI based modelling is to develop a model by 
using human experience and available real data. The steps are: 

1. deciding to the relevant inputs and outputs, 
2. getting the past human experience and collecting the real system data, 
3. training the model by using experiences and data, 
4. testing and proving the model by using the real data. 

 In this context, ANFIS, since its being a class of adaptive network 
and its having got minimal restrictions on system modelling, it was 
employed directly in a wide variety of applications. Such an approach has 
been implemented in this study to develop a model in order to estimate the 
sevoflurane dose for a patient under the general anaesthesia.  
 In the past, deciding the depth of anaesthesia (DOA) under the 
general anaesthesia had been started by monitoring blood pressure (BP), 
heart-rate (HR), pupil diameter, sweating and so on.  Linken DA describes 
the structure of a real-time measuring system based on fuzzy logic (Linkens, 
2002). In his study, the system uses neuro-fuzzy and multiresolution wavelet 
analysis for monitoring the DOA based on AEP (Auditory Evoked 
Potentials). He claims that successful management of DOA has been 
achieved. Recently, some algorithms were developed by using EEG or 
Bispectral Index (BIS) (Tosun, 2012). Esmaeili and his team reports that 
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they successfully classified Depth of Anaesthesia using EEG features 
(Esmaeili, 2007). 
 We observe that EEG monitoring for DOA in the Operation Rooms 
(OR) is not as easy as BP and HR monitoring. EEG-based methods may be 
widely used for estimating the anaesthetic depth in the research areas, but 
still it doesn’t have a common use in OR. The extra work load, the cost of 
disposable BIS electrodes and less knowledge about BIS signal decoding are 
some of the reasons for less usage. In the literature, still there are some 
suspicions for reliability of BIS that it may be affected by some muscle 
harmonics which are in the same frequency spectrum with some of the BIS 
signals (Dressler, 2004).  
 Here, the study steps are: 

1. collect the real data from the patients, 
2. classify data, 
3. develop a neuro-fuzzy model by  using these data. 

 I hope that this study makes a contribution to develop anaesthesia 
machines’ providing an automation in order to help the anaesthesiologists 
and keep the patient’s vital signs more easily. 
 A general model for a dynamic system is shown in Figure 1. 

Dynamic system
(parameters and state

variables)
inputs outputs

 
Figure 1. A general model of a dynamic system (Shearer, 1997) 

 
 The section named ‘Materials and Methods’ explains the Materials 
and Methods that are used in the modelling. The modelling method is 
divided into 2 sub-methods depending on whether the training and testing 
data are selected randomly from whole dataset or some of the patient’s data 
are chosen as the training set while the other is the testing. The section 
named ‘Conclusion’ summarizes this study and gives the results. 
 I believe that by using traditional parameters such as BP and HR, we 
still have a good monitoring opportunity to estimate DOA  and to decide the 
sevoflurane dose in order to keep the patient in desired situation.  
 
Materials and Methods 

Training and testing of the developed models have been performed by  
observed physiological system data obtained from different patients during 
anaesthetic conditions in the operation theatres of the hospital of the Faculty 
of Medicine of King Abdulaziz University in Jeddah- Saudi Arabia. The 
ethical committee permission has been obtained for all the patients.  
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American Society of Anaesthesiologists (ASA) grade is the most 
commonly used grading system for anaesthesia and surgery. Medical co-
morbidity increases the risk associated with anaesthesia and surgery. ASA 
accurately predicts morbidity and mortality.  

ASA Grade I: Normal healthy individual   ASA Grade II: Mild systemic 
disease that does not limit activity.   

46 patients, having ASA grade I and II. (Mostly Ear-Nose-Throat 
(E.N.T.) patients and few Bone and Stomach patients have been selected. 
Classifications are as below: 

Female patients: 
Age: 2y-11y;   number of patient: 9 
Age: 20y-73y;   number of patient: 12 
Female age mean: 23.05 
Female age SD    : 19.91 
Male patients: 
Age: 1y-13y;   number of patient: 13 
Age: 22y-72y;   number of patient: 12 
Male age mean: 24.5 
Male age SD    : 23.3 
All the patients were premedicated with propofol, fentanyl(pain killer), 

muscle relaxants and steroids according to their weights and ages. 
Anaesthesia was maintained with an inhalation gas (Sevoflurane) for 28 
patients out of 46. In this study, the purpose of propofol usage at the 
beginning is to provide quick unconsciousness and to remove the patient 
reactions during the face mask placing. Because, the induce time for 
propofol is few seconds but the induce-time for Sevoflurane is few minutes 
(3-6min).  

Note that, the propofol and fentanyl have the effects on the BP and HR. It 
means, BP and HR measurements in certain steps, reflect the combined 
effects of Sevoflurane and propofol and fentanyl. Unfortunately, we were not 
able to track the time and dose information about other medications except 
anaesthetic agents during the operation. So, this study results should be 
considered under these constraints. However, by using data averaging, the 
short time reflections of these medications on BP and HR were eliminated or 
at least minimized. 

In OR, the Drager-Zeus anesthesia machine was used. All the data were 
collected through the serial port.  We developed a special software in 
MATLAB environment to read and decode the data from Zeus machine. A 
simplified connection diagram for ANFIS controller is shown in Figure 2. 
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Figure 2. Connection diagram for ANFIS controller  

 
One sample in every 3 sec. was collected (total 80.000 data rows for all 

the patients). In order to save the running time in some simulations, the 
sampling rate was reduced by (approx.) 15 times. Each row contains MAP 
(Mean Arterial Pressure), HR and Sevoflurane(%). By randomly grouping, 
these data were divided as 75% for the training set and 25% for the testing 
set as shown in Figures 3 and 4. 

 
Figure 3.  ANFIS training data (MAP only) 

 
Figure 4.  ANFIS test data (MAP only) 
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In order to provide a stable data reading, ‘moving average’ or ‘locally-
weighted polynomial regression’ (lowess smoother) were used. Hence, the 
artefacts and worthless data were eliminated. For each method, the 
smoothing samples of a patient are shown in Figure 5.  

 
Figure 5.  The smoothing samples for a patient data 

 
The blood pressure values were measured every 5 minutes. In order to 

find the intermediate values (interpolating) for sequential readings, the 
smoothing method was applied for all measured parameters. Hence, it helps 
to find the unique values for other corresponding parameters at this range 
(for example Sevoflurane%), as in Figure 6. Otherwise, the same MAP 
values could be read for several sevoflurane values during 5 minutes. Of 
course, by increasing number of averaging points in the smoothing, causes 
increase the slope between sequential values. 
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(b) 

Figure 6.  The view of MAP (k) for a patient: 
a) Before smoothing b) after smoothing 

 
Design of ANFIS controller 

The initial ANFIS model has these inputs: Mean Arterial Pressure 
(MAP), Heart Rate (Hr), Systolic Pressure (Sys), N2O, Sevoflurane and (k-
1), (k-2), (k-3)th elements for all of these parameters and two other 
parameters: age and weight. (k-1), (k-2), (k-3)th elements are previous 
values of the corresponding parameters. For example Hr(k-2) stands for the 
value of Hr which is two steps before the current Hr.  The model is shown in 
Figure 7.  

ANFIS
Controller

 Model

  z-1

  z-3

  z-2

Sevoflurane(k-2)

Map(k-2)

Map(k)
Map(k-1)

Hr(k-2)

Hr(k)
Hr(k-1)

Sevoflurane(k-1)

Sevoflurane(k-3)

N2O(k-2)

N2O(k-1)
N2O(k-1)

Sys(k-2)

Sys(k)
Sys(k-1)

Age
Weight

Sevoflurane(k)

 
Figure 7.  The general ANFIS controller model 
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The aim of this system is to search the best model for the obtained 
parameters. Around 30 combinations among inputs were used. For example, 
one of  the configurations has the inputs sevoflurane(k-1), Map(k), Map (k-
1), Map (k-2), Hr(k), N2O, the another one has the inputs Map(k), Map (k-
1), Map (k-2), Hr(k), Hr(k-1), Hr(k-2), age, weight and so on. In this study, 
the membership functions and their positions in the work space decided by 
the subtractive clustering method and 500 epochs in the hybrid method were 
used (Chio, 1994; Jang, 1997). 
 
ANFIS controller if the train and test data are selected randomly from 
whole dataset: 

In first simulation, the model was trained with all data, and then each 
patient was tested by this model. The patients were grouped by two that all 
regression values in the first group were equal or bigger than 0.8 while the 
others were less than 0.8. Then, the train and test data were rearranged for 
each group. After a lot of simulation work, a best model was found as shown 
in Figure 8.  

ANFIS
Controller

 Model Sevoflurane(k)

Map(k)
Map(k-1)

Hr(k)
Hr(k-1)

Sys(k)
Sys(k-1)

Age
 

Figure 8.  The best ANFIS controller model if the train & test data are selected   randomly 
 

The regressions summary for this model was given in Table 1: 
Table 1: Regressions summary if the training and testing data are selected randomly 

 Train Test 
1. Group 0.9807 0.9792 
2. Group 0.9924 0.9909 
All  0.8480 0.8707 

 
The model’s test simulation outputs for each group were given in 

Figure 9 and 10.  
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(a) 

 

 
(b) 

Figure 9.  The first group test outputs: (a) Regression (b) Model’s output for testing set 
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(a) 

 
(b) 

Figure 10.  The second group test outputs: (a) Regression (b) Model’s output for testing set 
 
If the groups are rearranged based on ages (as adults and children), the 

regressions become as in Table 2. 
Table 2: Regressions summary based on ages 

 Train Test 
Adults  0.9988    0.9988 
Children 0.9569    0.9571 

All 0.8545    0.8429 
 
In order to reflect these groups in the ANFIS model, a new model has 

two separated sub-models inside is suggested as in Figure 11. For each 
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patient, only one corresponding sub-model related to patient’s age will be 
active. Each model’s inputs are the same as in Figure 8 and were divided into 
75% for the training set and 25% for the testing set. Both models were 
trained separately. 

  z-1

  z-1

  z-1

Map(k)
Sys(k)
Hr(k)

Age

Sevoflurane(k)

Adult model

Children model

Map(k-1)

Sys(k-1)

Hr(k-1)

 
Figure 11.  Age depended ANFIS controller 

 
When all the patients were tested by this age-depended model separately, 

the regression for 6 patients (out of 28) are less than 0.85 while the others are 
more. If we are able to say that this is a critical point for the performance, 
then this model performance becomes:  

%78100  × 
28

628
=

−

            
An example study was conducted to test this model’s performance for a 

patient whose results are the worst case among 22 patients: 
Regression ….0.8595 
RMSE……….0.1705 
For this patient, the maximum deviation from target value is approx. 16% 

as seen on Figure 12. This can be considered as an allowable error since we 
observed the choice differences among anaesthesia teams in OR might be up 
to 20%. 

 
Figure 12.  A test example for a worst case among 22 patients 
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ANFIS controller if the patients are selected randomly: 
Some few abnormal examples of sevoflurane values versus MAP and HR 

are shown in Figure 13. It clearly shows that each of these trends are not 
similar to general trends. In some regions, the characteristics may become 
opposite of general trends. So, in order to construct a stabile model, these 
data should be removed if they were decided as abnormal data. All type of 
patient’s data are supposed to be recognized by the ANFIS model. In the 
method of random data selection from whole dataset, the randomizing 
process is able to pick up the samples from most points in the workspace. 
But, if the patients are randomly selected and if the similar patient 
behaviours under operations are not presented in the training set, then the 
controller model may fail. In order to achieve a good model, a rich content in 
the training set is essential.  

 
 

Figure 13.  The abnormal sevolurane values vs MAP & HR for 4 patients (left  column  is 
MAP and  right column is HR) 

 
In this part of study, the data obtained from 9 patients (4 adult, 5 

children) out of 28 were used as the testing set. The trial training phase was 
performed by using the adult and the children data as before: first separately, 
later all together.  The best results were found among many input 
configurations shown in Figure 14. When all the patients (no age 
dependency) are in one group, all the regressions in the training phase are 
more than 0.8. 
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ANFIS
Controller

 Model Sevoflurane(k)

Map(k)
Map(k-1)

Hr(k)
Hr(k-1)

N2O(k)
N2O(k-1)

  z-1

Sevoflurane(k-1)

 
Figure 14.  The best model when the patients were randomly divided as the train & test set 

  
But, when this trained model was tested with the test patients, following 

were received: 
The adult whose regression value > 0.85 is only 1 out of 4, 
The children whose regression value > 0.85 is 3 out of 5.  
The test performance for this model (respect to regression value > 0.8 ) 

becomes: 

%5.55100  ×  
9

49
=

−

   
 
Conclusion 
This case study is to prepare a model for a patient modelling under the 
general anaesthesia. The ‘age’ of the patient is observed as a useful input 
parameter which increases the model performance. Also, if the model 
consists of 2 sub-models as adult and children, the ‘age’ activates the 
corresponding sub-model. The performance of this switchable model is 
found as 78%.   
When the training and testing data are selected randomly from whole dataset, 
the discovered models have good regressions from 0.87 up to 0.99 and the 
deviations from the target values are much less. This result is comparable to 
study [9] which the performance was reported in average accuracy of 94% of 
the cases. These models have good correlations with clinical assessments. On 
the other hand, on the separation of patients randomly as the training and 
testing patients, the performance decreases. In order to increase the 
performance in the random patient selection method, the data collection from 
many patients (as many as possible) are essential. Hence, the modelling can 
be done without other complex and costly measurements.  

 
 
 
 



European Scientific Journal May 2015 edition vol.11, No.15  ISSN: 1857 – 7881 (Print)  e - ISSN 1857- 7431 

30 

References: 
Ramesh RR, Aufderheidey B, Bequette BW. Experimental studies on 
multiple–model predictive control for automated regulation of hemodynamic 
variables. IEEE T Bio-Med Eng 2003; 50:277-288. 
Adeli A, Neshat M. A fuzzy expert system for heart disease diagnosis. In: 
Proceedings of international multiconference of engineers and computer 
scientists; 17-19 March, 2010; Hong Kong: IMECS. Vol I. 
Ressom H, Natarajan P, Varghese RS, Musavi MT. Applications of fuzzy 
logic in genomics. Fuzzy Sets and Systems 2005; 152:125–138. 
McNamee RL1, Sun M, Sclabassi RJ. A neuro-fuzzy inference system for 
modeling and prediction of heart rate variability in the neuro-intensive care 
unit. Computers in Biology and Medicine 2005; 35:875–891. 
Dazzia D, Taddeib F, Gavarinib A, Uggerib E, Negroa R, Pezzarossa A. The 
control of blood glucose in the critical diabetic patient: a neuro-fuzzy 
method. Journal of Diabetes and its Complications 2001; 15: 80–87. 
Mandryk RL, Atkins MS. A fuzzy physiological approach for continuously 
modeling emotion during interaction with play technologies. International 
Journal of Human-Computer Studies 2007; 65: 329-347. 
Wang Y, Winters JM. A dynamic neuro-fuzzy model providing bio-state 
estimation and prognosis prediction for wearable intelligent assistants. 
Journal of NeuroEngineering and Rehabilitation 2005; 2:15.  
Linkens DA. Intelligent computer-based systems for anaesthesia control in 
hospital operating rooms. Intelligent and Adaptive Systems in Medicine 
2002. 
Tosun M, Ferikoğlu A, Güntürkün R, Unal C. Control of sevoflurane 
anesthetic agent via neural network using electroencephalogram signals 
during anesthesia. J Med Syst 2012; 36:451-456. 
Esmaeili V, Shamsollahi  MB, Arefian NM, Assareh A. Classifying depth of 
anesthesia using EEG features, a comparison. 29th Annual International 
Conference of the IEEE in Medicine and Biology Society; 2007; Lyon, 
France. 
Dressler O, Schneider G, Stockmanns G, Kochs EF. Awareness and the EEG 
power spectrum: analysis of frequencies. British Journal of Anaesthesia 
2004; 93: 806-9   
Shearer JL, Kulokowski BT, Gardner JF. Dynamic modeling and control of 
engineering systems. 2nd ed. New Jersey, NJ, USA: Prentice Hall, 1997.  
Chiu, S. Fuzzy model identification based on cluster estimation. Journal of 
Intelligent & Fuzzy Systems 1994; 2: 3. 
Jang JSR, Sun CT, Mizutani E. Neuro-fuzzy and soft computing: A 
computational approach to learning and machine intelligence. New Jersey, 
NJ, USA: Prentice Hall, 1997. 


