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ABSTRACT 

A computer based system was designed and used to 

collect physiologic and respiratory data (13 variables 

and 3 waveforms) from six routinely used operating room 

monitors. 23 hours of data were collected during 20 

general surgery cases (ASA III pa.tients). Part of the 

data were used to design and implement an integrated 

monitor with intelligent alarm capability. The system 

used a rule based approach to reduce false alarms and 

artificial neural networks (ANN) for classification of 

physiological waveforms. 

The integrated monitor was able to correctly 

identify 13 of 17 intubations which resulted in a 42% 

reduction in low end-tidal-C02 false alarms. False heart 

rate alarms were reduced to 2.6% of total alarms using 

multi-variable analysis and rate of change limits, 

compared to 37.3% for the ECG monii:or and 8.7% for the 

pulse-oximeter. This reduction was shown to be 

significant by Student's paired T-tests (p=0.0005 for the 

ECG monitor and p=0.02 for the pulse-oximeter) . 

A combination of ANN's and an edge detection filter 

was used to classify C02 waveforms into spontaneous, 



mechanical, and mechanical with spontaneous breathing 

attempts. The edge detection algorithm was able to detect 

171 of 182 breaths. The ANN's properly classified 65 of 

67 mechanical, 47 of 71 spontaneous, and 37 of 44 

mechanical breaths with spontaneous breathing attempts. 

Another ANN was used for detection of elevated and 

depressed ST segments in the ECG signal. All ST segment 

elevations and depressions of 0.1 mV were correctly 

identified. An attempt was made to use ANN's to classify 

ECG waveforms according to anesthetic levels. However, 

the back-propagation algorithm used to train the network 

did not converge perhaps due to the variety of drugs used 

in the different cases. 

The system met our goals of providing an integrated 

operating room monitor with intelligent alarm capability. 

The system significantly reduced false heart rate alarms, 

detected intubation and classified ECG and C02 waveforms. 

10 
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INTRODUCTION 

MONITORING IN ANESTHESIA 

The goal of the anesthesiologist in delivery of general 

anesthetics is to provide an unconscious and pain free state 

for the patient. This purpose is served by administration of 

anesthetic drugs to the patient through injection or 

inhalation. The concentration of anesthetic in arterial 

blood must be maintained at a high enough level to provide 

amnesia and analgesia and yet it should be low enough not to 

pose a threat to the patient. Sinc9 there is no direct 

method for the measurement of the level of consciousness and 

painless state, indirect measurements are used to indicate 

the status of the patient. These indirect measurements 

include heart rate, blood pressure, end-tidal expired C02' 

and frequently, blood oxygen saturation. 

In addition to providing anesthesia, the drugs 

administered will effect body functions such as breathing' 

and circulation. To maintain these functions at their proper 

level, equipment such as a ventilator is necessary and 

monitoring of the proper operation of this equipment must be 

performed. 

The need for monitoring 

recognized since the early 

during anesthesia has been 

days of anesthesia [19] • 

Traditionally monitoring of the patient and the anesthesia 



delivery system has relied on the senses 

12 

of the 

anesthesiologist. By sensing the patient's temperature, 

measuring the pulse, observing pupil response, and skin 

color the anesthesiologist can predict patient status. 

Proper functioning of the breathing system can be monitored 

by listening to the respiration sounds and observing chest 

movement and the respirator bellows. 

As surgery has increased in complexity and longer 

procedures are performed on a wider variety of patients with 

more complicated problems, the need for close monitoring and 

predicting possible complications has grown [14]. New 

anesthetic techniques such as low flow "closed circuit" 

anesthesia has highlighted this need. In order to reduce 

costs and atmospheric pollution this technique has gained 

popularity [14]. In closed circuit anesthesia additional 

risks exist. Better and more extensive monitoring such as 

continuous monitoring of inspired oxygen becomes necessary. 

The anesthesiologist can no longer adequately monitor the 

status of the patient and the gas delivery system by his or 

her senses alone. This is particularly true at the beginning 

and end of a case when rapid changes in patient's 

physiological status are accompanied by a high task period 

for the anesthesiologist. 

A large percentage of all anesthesia related operating 

room incidents occur during the maintenance period when the 

task load is low. In a study done by Cooper et. ale it was 
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found that 42% of all incidents occurred during maintenance, 

26% during induction, and 9% during the end of case. The 

large number of incidents during the maintenance phase was 

related to decreased vigilance induced by sustained 

observation. In another study by Cooper et.al. it was shown 

that only 4% of the incidents with substantive negative 

outcomes involved equipment failure, indicating that human 

error is the dominant factor in anesthesia mishaps [10]. 

While the human is a precise and capable processor of 

information, vigilance over a long period of time is 

difficult [19]. Sustained observation over an extended 

period of time leads to decreased vigilance and contributes 

to human error [44]. 

Rapid technological advancements along with increased 

concern for patient safety has led to the development of a 

large number of monitoring instruments for use in the 

operating room. Several standards for monitoring have been 

proposed. The Harvard standards include equipment intended 

to provide the earliest warning [18]. The ASA recommended 

standards for basic patient monitoring include: arterial 

blood pressure, electrocardiography, oxygen analyzer, and 

ventilator disconnect alarm [16]. The use of pulse-oximetry, 

capnography, and spirometry is also suggested. Other 

stricter standards have been proposed, arguing for the 

increased patient safety and cost effectiveness of 

additional monitoring equipment [52]. 
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Many anesthesiologists believe that the addition of 

monitoring instruments has reduced the number of anesthetic 

mishaps [41]. Others who may disagree with the premise that 

monitoring instruments have been the cause of reduced 

anesthetic mishaps, still agree that these instruments have 

improved their practice of anesthesia [36]. 

The rapid increase in use of monitors has not been 

flawless. Most anesthesiologists have seen instances when a 

malfunctioning monitoring device has diverted their 

attention from the patient [14]. Even when all monitors are 

functioning properly, problems exist. These monitors, 

designed by different manufacturers, lack compatibility of 

display formats and are typically dispersed over a 

relatively wide area [2,43]. It is therefore difficult for 

the anesthesiologist to scan and interpret the information 

from all monitors, particularly during high tension times 

when the monitors are needed most. 

ALARMS 

Operating room monitors are equipped with alarms to 

warn the anesthesiologist of an unexpected event which may 

pose a threat to the patient. The increased number of 

monitored parameters has led to an increase in the number of 

alarms [19]. These alarms are in general range-sensitive 

alarms which produce an auditory signal when a high or low 

threshold is violated. These range-sensitive alarms can not 
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distinguish a mishap from a.n artifact or a normal 

physiologic change beyond the alarm thresholds and therefore 

false alarms are frequent. Due to lack of monitor 

integration, these alarms operate independently and often 

more than one alarm is active. The anesthesiologist must 

distinguish the tone generated from each monitor and act 

promptly for each alarm situation. Frequent false alarms 

often lead to the intentional disabling of alarms and 

decreasing awareness of an alarming situation [29]. Although 

all operating room monitors are equipped with alarms, the 

only alarms used routinely are inspiratory oxygen and 

ventilator low pressure alarms [49]. 

Kestin et. ale evaluated the significance of auditory 

alarms during routine anesthetic delivery. During the 50 

cases, it was found that 75% of all alarms were spurious 

(did not originate from changes in the physiological 

variables for which the monitor was designed), and only 3% 

represented risk to the patient. Of all spurious alarms 75% 

of the pulse-oximeter alarms, 73% of the EKG alarms, and 

100% of the atrial blood pressure alarms were caused by 

patient movement or mechanical problems. 23% of pulse

oximeter alarms and 27% of EKG alarms were caused by 

electro-cautery interference and 2% of pulse-oximeter alarms 

were caused by interference from the operating room lights. 

In a study performed at the University of Arizona 

[37,48,50], twenty-five surgical cases were observed, during 



16 

which occurrences of alarms with preset limits were noted. A 

total of 103 alarm limit violations occurred during the 32.2 

hours of anesthesia, averaging 3.2 alarms per hour and 4.1 

alarms per case. Of all alarms, 60.2% were considered valid 

and only 36.9% could be classified as posing danger to the 

patient. 

RULE-BASED EXPERT SYSTEMS 

Clinical decision making in the operating room requires 

a knowledge of interactions of different physiological 

variables and patient status in addition to type of surgery 

and drugs administered. Usually not all the necessary 

information is available and decisions may have to be made 

based on incomplete data. The anesthesiologist develops his 

or her knowledge and decision making skills through years of 

training and practice. He/she can deal with incomplete data 

by substituting other information or by referring to past 

experience. 

An expert system is basically a computer program that 

uses a large database created from the knowledge of human 

experts and utilizes inference techniques to solve problems 

[24,45]. The knowledge base in a rule-based expert system 

is obtained from human experts and represented in the 

computer through the use of if-then rules. When using a 

rule-based expert system, all decisions made by the expert 

system can be traced backwards and the logic behind such a 
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decision can be explained to the user. It is also possible 

to enhance the system by incorporating more rules as more 

information becomes available. 

ARTIFICIAL NEURAL NETWORKS 

Another Artificial Intelligence technique which has 

recently gained popularity is the "Artificial Neural 

Network" (ANN) approach. An ANN is an adaptive computing 

system that generates its own rules. It can be used for 

classification 

Instead of 

of input waveforms into different classes. 

having step-by-step instructions for 

classification, an ANN uses a set of examples to generate 

its rules [26]. An ANN is composed of a large number of 

simple computational elements called neurodes. Each neurode 

operates independently and simultaneously with all other 

neurodes. ANN's achieve high analysis speeds by performing 

the necessary calculations on all inputs simultaneously. 

In addition to fast response time, ANN's are more fault 

tolerant, and easier to implement when compared to 

traditional rule based methods. Since the system is composed 

of a large number of computational elements, errors in a few 

nodes would not necessarily effect the overall performance 

of the system [32]. 

With the rapid increase in Neural Network research it 

is not surprising that many medical monitoring and 

diagnostic systems are beginning to use this approach. 
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Cheung and Hull [8] used an ANN for the detection of 

abnormal ECG's. Standard abnormal ECG patterns were used to 

train the network. When tested on real animal data the 

system produced satisfactory results with less than 1% 

error. Ciarrocca [9] used a translation invariant ANN to 

diagnose heart arrythmia. The system was trained to classify 

ECG's as Normal Sinus Rythm (NSR) , Ventricular Tachycardia 

(VT) , Ventricular Fibrillation (VF), and ambiguous (AMB). 

The network performed successfully in diagnosing NSR and VT. 

VF's were sometimes mis-classified as NSR or VT. This was 

attributed to the random nature of VF. 

Application of ANN's in anesthesia monitoring was first 

performed by Orr et. al [39]. A breathing circuit alarm 

system was developed to identify 13 different breathing 

circuit critical events. When trained and tested on an 

oil/water lung model the system was able to correctly 

identify 99.5% of the 13 different critical events. The 

system was further trained on data from two mongrel dogs and 

tested on seven mongrel dogs. This time the system correctly 

identified 89.3% of the critical events. 

AUTOMATED RECORD-KEEPING 

Record-keeping can be thought of in two ways: First, 

record-keeping for trending data and second, record-keeping 

for archival purposes. Trending data requires frequent (once 

every 2 to 4 seconds) storage and is a feature included in 
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many monitors currently in use in the operating room, while 

archiving for medical records has been traditionally the 

task of the anesthesiologist. Some believe that automated 

record-keeping may cause essential information to bypass the 

anesthesiologist. It is argued that by updating the record 

during anesthesia, the anesthesiologist remains fully aware 

of patient status at all times[38]. 

Even-though there are controversies over the 

practicality of automated record-keeping for archival 

purposes, there are clear advantages to it. Researchers have 

found that anesthesiologists spend as much as 15 to 20% of 

their time generating anesthesia record, reviewing it, and 

keeping track of time [27]. Automated record-keeping will 

allow the anesthesiologist to use this time paying closer 

attention to the patient. Another issue in favor of 

automated record-keeping is accuracy. Automated charting of 

physiological variables in anesthesia was compared to 

handwritten records by Lerou et ale Differences between 

automated and handwritten records for 30 patients were 

quantified. It was concluded that the difference between 

records were caused by the incompleteness or inaccuracy of 

the handwritten records, except in two instances. It is also 

clear that the charts generated by the computer are more 

legible [31]. 

The first step in implementing an automated record

keeping system is the development of an integrated 
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monitoring system. The system used for this study can serve 

as an integrated monitor with all of patient's vital signs. 

The recorded data will be saved on floppy disks and used for 

the evaluation and further testing of the system. This 

stored data can be used to automatically generate the 

anesthetic chart. However it is not the purpose of this 

study to investigate the archiving of data in more detail. 

INTEGRATED MONITORING SYSTEMS 

Various integrated monitors with different levels of 

complexity have been developed. Many of the monitors 

designed before suffered extensively from hardware 

limitations. In 1980 the Duke University Department of 

Anesthesiology started the design and testing of an 

integrated operating room monitor [3]. The monitored 

parameters included EeG, EEG, pulse-oximeter, temperature, 

and invasive pressure. All the parameters were interfaced to 

a micro-computer via an analog to digital converter board. 

The system was used and evaluated in the operating room. The 

system's shortcomings included: large size and weight, low 

quality of waveform display, and inability to overcome user 

interface problems. These problems could be largely 

attributed to hardware limitations. 

More recently 

based anesthesia 

at the University of Utah a computer 

workstation was developed [33]. The 

computer received information from 17 sensors and monitors. 
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The rule based approach was used to evaluate the data once 

per breath. In laboratory tests the system properly 

identified 88% of 26 different critical events. The system 

only considered breathing circuit parameters and no 

physiological patient data were included. The use of rule

based approach limited the system to a particular breathing 

system. To monitor a different circuit it would be necessary 

to develop new rules. 

Others have also implemented systems using rule-based 

approach. At the University of Florida an intelligent alarm 

system was developed [47]. The system used C02' airway 

pressure, and flow waveforms to identify 20 different 

malfunctions. Tests on an anesthesia simulator resulted in 

93% correct detections. This system was limited to 

monitoring anesthesia circle system. Only breathing circuit 

parameters were monitored and detection of breathing circuit 

complications were attempted. 

One integrated monitoring system which included 

detection of physiological complications as well as the 

breathing circuit was the ALARM (A Logical Alarm Reduction 

Algorithm) monitoring system [1]. ALARM, developed at 

Stanford University School of Medicine, was designed to 

detect hypovolemia, left ventricular failure, anaphylaxis, 

insufficient anesthesia, one-sided intubation, esophageal 

intubation and disconnection. ALARM was tested on several 

cases and made 71% correct diagnosis. Systems for detection 
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of physiological complications have not been extensively 

investigated. The ALARM system suggests that such systems 

are feasible. 
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GOALS AND OBJECTIVES 

The overall goal of this project was to simplify 

patient monitoring in the operating room by integration of 

monitors and therefore eliminating repetitious display of 

information in different formats, reducing false alarms, 

vigilance enhancement, and providing automated record

keeping capabilities. 

Initially, hardware and software were developed to 

collect physiological and machine data from six operating 

room monitors and to display the data in a concise manner. 

This system was used to collect real data including 

preprocessed parameters and raw waveforms. The data 

collected in the operating room was used for developing and 

testing rules for detection of false alarms and recognition 

of procedural actions such as intubation. Finally, the 

capabilities of artificial neural networks (ANN) to analyze 

and classify physiological waveforms was investigated. ANN's 

were used to detect abnormalities in ECG and C02 waveforms 

in order to enhance vigilance. Finding a correlation between 

the ECG waveform and patient's anesthetic status was also 

attempted using an ANN. 
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INTEGRATION OF MONITORS 

A micro-computer system is used to collect preprocessed 

data and analog waveforms from six routinely used operating 

room monitors. The data are continuously displayed on the 

computer screen. The display is divided into two parts. At 

the top half of the screen 3 waveforms (C02' ECG, and 

anesthetic agent concentration) are displayed. At the bottom 

half preprocessed data are displayed. Background colors are 

used to highlight a parameter outside its high or low alarm 

limits. A space is provided for alarm messages. 

The micro-computer is also used for storage of data. 

The preprocessed data are stored on the disk as frequently 

as the information is updated. Analog waveforms are stored 

on the disk only if an alarm is detected. 

The integrated system initially does not contain any 

"smart alarm" rules. It is used in its simple configuration 

in the operating room to collect data. The data is then used 

for development and testing of smart alarm algorithms. 

DETECTION OF FALSE ALARMS 

In order to identify the cause of an alarm situation, 

and reducing false alarms, the following techniques are 

used: 

1. Redundancy check, 

2. Analysis of rate of change of a variable, 

3. Multi-parameter analysis of physiological variables. 
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Multiple source heart rate monitoring is an example of 

redundancy check. I f data from the EKG monitor and the 

pulse-oximeter are both available, there are two sources for 

heart rate. Although both devices are susceptible to 

interference, they are not usually disrupted simultaneously. 

If one of the heart rate monitors fail, an integrated 

monitor could detect the discrepancy between the sources and 

automatically switch the display of heart rate to the 

monitor with accurate data. 

Changes in heart rate caused by patient movement and 

electro-surgery interference can be detected by analyzing 

the rate of change. Normal artifact free heart rate can be 

analyzed and maximum physiologically induced changes in 

heart rate measured. This maximum will be used as an upper 

limit on allowable rate of change of heart rate. If the 

heart rate from one monitor changes more than the limit, the 

data from that monitor is assumed artifactual. 

Another common cause of false alarms during anesthesia 

is tracheal intubation. Almost 95% of all adult patients are 

intubated for delivery of general anesthesia [21]. During 

intubation the breathing circuit is intentionally disrupted 

which may lead to alarms in the end-tidal C02' respiration 

rate, minute volume and/or tidal volume. 

A zero end-tidal C02 may also be caused by disconnect, 

apnea, ventilator malfunction, or breathing circuit 

blockade. Each of these will trigger one or more alarms. 
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While the alarms generated due to intubation are useless 

(because during intubation the anesthesiologist is aware of 

the circuit disconnect), in other cases the alarm is 

informing the anesthesiologist of a potentially dangerous 

situation. 

During an alarm situation the only information the 

anesthesiologist receives is an array of parameters with 

some indicating alarm limit violation. The anesthesiologist 

must scan all the parameters and inspect the circuit and 

check patient status to determine what caused the alarm. By 

multi-parameter analysis of the data, the cause of an alarm 

condition can be identified. For example, by considering the 

elapsed time since start of surgery, whether the patient has 

been prepared for intubation, and airway and breathing 

parameters, intubation may be distinguished from true 

alarming conditions such as disconnects or ventilator 

failures. 

In this study algorithms using rule-based expert 

systems will be used for the detection of false alarms. By 

interviews with anesthesiologists and careful examination of 

operating room data, a set of rules will be developed to be 

used by the expert system. 

VIGILANCE ENHANCEMENT 

Part of this study involves analysis and classification 

of physiological waveforms. Intra-operative C02 and ECG 
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waveforms need to be constantly observed and analyzed for 

indications of dangerous and alarming situations. 

Traditionally computer-aided classification of waveforms has 

been done by algorithmic methods utilizing a set of pre

determined rules. Development of such rules can be very 

difficult because heuristic decisions have to be made from a 

large number of examples, and strong assumptions regarding 

the statistical distributions of the examples needs to be 

made. 

For analysis of C02 and EeG waveforms the artificial 

neural network approach will be used. The purpose of this 

section is not only to implement another component of the 

"smart alarm" system but also investigate the feasibility of 

using ANN's in vigilance enhancement. 
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INTEGRATED MONITOR AND DATA COLLECTION 

SYSTEM OVERVIEW: 

The purpose of designing an integrated monitor is to 

create a central display terminal where all relevant patient 

information is displayed and to provide means of 

implementing "smart alarm" algorithms based on multiple 

parameters. The integrated monitor comprises three 

components: operating room monitors, micro-computer system, 

and data collection and analysis software. 

Information from the monitors is sent to the computer 

which analyzes, displays, and stores the results. The 

information from the monitors is available in two forms: raw 

waveforms and processed parameters. Raw waveforms are 

usually available in analog form and need to be sampled 

continuously. Processed parameters are values calculated 

internally by each monitor from the raw waveforms. Some 

monitors output the processed parameters in a serial RS-232 

like format. One monitor outputs its processed parameters 

automatically once every 5 seconds. The other monitors 

output when requested to do so by the micro-computer. 

To avoid loss of data, background programming was used. 

Analog waveforms must be sampled continuously, but this task 

is not very computation intensive. During analog data 

collection, particularly when low sampling rates are used, 
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the micro-processor is active only a fraction of the time. 

Most of the time the micro-processor is waiting to take the 

next sample. This extra time can be used for other 

procedures by performing analog data collection in the 

background. Analog waveform acquisition (background) runs 

asynchronously from the RS-232 communication program and 

samples and displays data at 244 Hz for ECG, and 61 Hz for 

C02 and anesthetic agent 

stored only if an alarm 

period. 

waveforms. Analog waveforms are 

occures during their sampling 

The RS-232 communications (foreground) program was 

synchronized with the monitor which outputs once every 5 

seconds. This was achieved by triggering the RS-232 

communications program with the start of data stream from 

that monitor. Once the computer has received processed 

parameters from the monitor, it sends a request for the 

processed parameters to each of the other monitors and waits 

for the responses. After receiving all the processed 

parameters it checks the status of the background data 

collection and if done, transfers the data to foreground and 

restarts the background task. As the last step the data are 

stored and displayed. This completes one cycle through the 

acquisition loop. The program then returns to the beginning 

of the loop and waits for another trigger from the monitor 

which outputs every 5 seconds. 
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HARDWARE INTERFACE: 

An IBM PC-AT1 equipped with a DASH-162 , 12-bit, 16 

channel analog to digital converter, and three RS-232 ports 

was used for collecting data. The micro-computer was 

interfaced to six routinely used operating room monitors 

using RS-232 and/or analog interfaces. 

included: 

1. Datascope Accutorr3 

2. Datascope Accucap3 

3. Datascope 2000 3 

4. Nellcor pulse-oximeter4 

5. Datex 222 anesthetic agent monitor5 

6. Narkomed 2B anesthesia machine 6 

1. International Business Machines Corporation 
P.O. Box 1328-W 
Boca Raton, Florida 33432 

2. MetraByte Corporation 
440 Myles Standish Boulevard 
Taunton, Mass. 02780 

3. Datascope Corporation 
580 Winters Avenue, P.o. Box 5 
Paramus, N.J. 07633-0005 

4. Nellcor Incorporated 
25495 Whitesell street 
Hayward, CA 94545 

5. Datex Medical Instrumentation Inc. 
2 Highwood Drive 
Tewksbury, MA 01876 

6. North American Drager 
148B Quarry Road 
Telford, Pennsylvania 18969 

The moni tors 
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The Accutorr monitor is used for automatic non-invasive 

measurement of blood pressure via an inflatable cuff placed 

on the patient's arm. Pressure measurements can be initiated 

manually, or automatically using one of the preset 

measurement time intervals. In the operating room the 

automatic mode of operation with a measurement interval of 

2.5 or 5 minutes is typically selected. This monitor sends 

the values for systolic, diastolic, and mean blood pressure, 

and heart rate to the Datascope 2000 monitor for display. 

The Accucap monitor samples gases at the patient's 

mouth-piece and measures respiration rate, concentration of 

inspired and end-tidal C02' and inspired oxygen. Real-time 

analog C02 waveform is available externally for display on 

the Datascope 2000 monitor or recording using a chart 

recorder. This signal was connected to channel 1 of the 

DASH-16 Analog to Digital Converter (ADC). The analog C02 is 

scaled at 15mV /Torr. For practical levels of expired C02' 

the voltage is well within the input range of the ADC. 

The Datascope 2000 monitor is capable of monitoring 

ECG, arterial blood pressure and temperature. In addition to 

these measurements, it integrates the Accutorr and Accucap 

monitors into a centralized bus. Via this bus it sends all 

derived paramet~rs once every 5 seconds and also requests 

the monitors connected to it to do the same. The Datascope 

interface bus was used to transfer the processed information 
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from the 2000 monitor, the Accucap, and the Accutorr to the 

micro-computer. The Datascope interface bus uses RS-232 

format, at 300 baud. Signal voltage levels are at TTL 

levels, making it necessary to convert to standard RS-232 

voltage levels for interfacing to a computer. A standard op

amp voltage converter circuit was used for this purpose. 

This circuit outputs +12 V. for OV. input (TTL low), and -12 

V. for 5V. input (TTL high) . 

The Datascope 2000 also outputs analog ECG waveforms. 

Channel 0 of the ADC was used to sample the ECG waveform. 

This signal has a scale of 1V/1mV ECG signal, while the ADC 

board was configured for an input range of -IV to IV. With 

typical ECG amplitudes in the order of few millivolts, it is 

possible for the allowable input range of the ADC to be 

exceeded. A voltage divider with variable gain was used to 

attenuate the signal to proper levels. 

The Nellcor pulse-oximeter is used for continuous 

monitoring of arterial hemoglobin saturation and pulse rate. 

It uses an optical sensor which is typically placed on the 

finger and measures the absorption of red and infrared light 

passed through the finger. Data from the monitor are 

transferred to the Nellcor recorder through an optical link. 

The recorder provides hard copy stripchart recordings of 

saturation and heart rate from the Nellcor p1llse-oximeter. 

The recorder is equipped with an RS-232 port capable of 

outputting the data to a computer, printer, or a CRT 
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terminal. This port is configurable for different baud rates 

and interface protocols through switch settings at the back 

of the recorder. The Nellcor recorder was configured to 

output data at 1200 Baud. The communication protocol was set 

to the conversation mode in which the data are output in 

response to a request by the computer. 

The Datex 222 agent monitor uses the infrared 

absorption method for the determination of percent volatile 

anesthetic gases. The measurement is displayed using an 

analog meter and is also available in analog form at the 

monitors output connector. The analog output voltage ranges 

from 0.0 to 0.5 Volts for anesthetic agent concentrations of 

0.0% to 5.0%. In order to take full advantage of the ADC's 

input dynamic range, the signal was amplified with a gain of 

2. 

The Narkomed 2B anesthesia machine is equipped with an 

oxygen monitor and respirometer capable of measuring 

inspired oxygen, respiration rate, tidal volume, minute 

volume, positive end-expiratory pressure (PEEP), and mean 

and peak airway pressures. These parameters are available 

through an RS-232 port on the machine. This RS-232 port is 

configurable for different baud rates and was set at 1200 

baud. The Narkomed communications operates in the 

conversation mode which is similar to the Nellcor Pulse

oximeter. 
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Table 1 shows a summary of all the monitors interfaced 

to the computer using RS-232 ports and the ADC. Figure 1 

shows the details of the analog interface to the computer. 

SOFTWAlUil: 

The data acquisition, storage, and display software was 

written in ASYST7 programming language. The data acquisition 

task included receiving serial data through the RS-232 ports 

and simultaneously sampling the analog waveforms through the 

ADC. 

The analog waveforms sampled include the ECG, C02' and 

anesthetic agent concentration. ECG and C02 waveforms were 

included to be used in investigating the capabilities of 

artificial neural networks in vigilance enhancement. The 

anesthetic agent waveform was included for possible future 

improvements to the system involving measurement of 

anesthetic update. The ECG waveform from the Datascope 

monitor is band limited to 120 Hz, requiring a minimum 

sampling rate of 240 Hz. The two respiratory waveforms, C02 

concentration and anesthetic agent concentration do not need 

as high a sampling rate. A sampling rate of 244 Hz was 

selected for the ECG waveform and 61 Hz was used for the C02 

and anesthetic agent concentration waveforms. 

7. Adaptable Laboratory Software 
2024 west Henrietta Road 
Rochester, New York 14623 
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MONITOR VARIABLES INTERFACE DATA RATE. 

Datascope 2000 Heart Rate RS-232 12 samples/min 

EKG Waveform Analog 240 points/sec 

Accucap Respiration Rate RS-232 12 samples/min 

End -Tid. CO2 " " 
Insp. 02 " " 
Insp. CO2 " " 
C02 Waveform Analog 60 points/sec 

Aecutorr Blood - Pressure RS-232 every 2 to 5 min 

Nellcor Heart Rate RS-232 12 samples/min 
Pulse-oximeter Oxygen Sat. " " 

Pulse Amplitude " " 
Narkomed 2B Respiration Rate RS-232 12 samples/min 

Insp.02 " " 
Airway Pressure " " 
Tidal Volume " " 
Minute Volume " " 

Datex 222 Agent Cone. Analog 60 points/sec 

Table 1- The six monitors, and all the derived parameters 

and waveforms interfaced to the computer. 



v---~----------------~CHO 

ECG 244 SAMPLES/SEC 

----------------------------------~CHI 

C02 61 SAMPLES/SEC 

lK 

lK 

~L..--___ -I CH2 
61 SAMPLES/SEC 

% ANESTH. 
AGENT 

-.L 

Figure 1- The analog interface. ADC is setup for input 
voltages from -1 to + 1 V. A gain of +2 for the 
anesthetic agent waveform, and attenuation of 1/2 
to 1/4 for the ECG waveform is needed to 
efficiently use the dynamic input range without 
clipping the signals. 
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To avoid st.orage problems, only the analog data 

preceding an alarm were stored on the hard disk. Before 

storage, analog waveforms were placed in temporary buffers. 

The buffers used for ECG held 5 seconds of continuous ECG 

waveform. The C02 and anesthetic agent concentration were 

stored as 15 second intervals. Once every 5 seconds the 

buffers were checked and if full their data were displayed 

on the screen. Data were stored on the hard disk only if one 

of the preprocessed parameters violated its alarm limits 

during the sampling period for the waveform. To prevent loss 

of data due to filled buffers, double buffering on all three 

analog channels was used. If one of the buffers for a 

channel is filled before the program can display and store 

its contents, the secondary buffer starts to fill. 

Since the analog waveforms must be continuously 

collected and displayed, the analog to digital conversion 

was programmed in the background. In this way, during the 

period when the computer is communicating with various 

monitors through its serial ports, each of the three analog 

waveforms is being sampled and stored in an array. 

The computer was programmed to wait for the data from 

the Datascope monitor, then send a request to the Nellcor 

Recorder for its processed parameters, and after receiving 

this data send a request to the Narkomed 2B anesthesia 

machine and wait for it to respond. When all the digital 

data are received by the computer it proceeds to extract the 
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values of interest, and updates the data display portion of 

the screen. 

The status of all of the analog waveform buffers get 

checked after the data display has been updated. Any of the 

buffers which was filled during the previous 5 second 

interval is displayed on the screen and possibly stored on 

the disk. As the waveforms are displayed, the analog to 

digital conversion is still taking place, filling one of the 

double buffers for each channel. 

The overall elapsed time since the time the Datascope 

monitor sends out the serial information, to the time that 

-analog waveforms are displayed and stored, must be less than 

5 seconds. This time was measured on an IBM PC-AT with 6 MHz 

clock and was always less than 4 seconds. This leaves 1 

second during which the computer waits for the next string 

of data from the Datascope monitor. 

Figure 2 shows a typical display of the integrated monitor. 

As shown, the integrated monitor displays all the relevant 

processed parameters, three waveforms, and also provides a 

message area for display of "smart alarm" messages. 

DATA COLLECTION 

Data were collected in the operating room from 20 

general surgery cases. A total of 23 hours of data were 

collected. Data from each case were stored in three 

different files on the hard disk. The digital data received 



TIME: El8:23:43 
DATE: El9/14/89 

_ ECG WAVEFORM 

_C02 WAVEFORM 
__ :I. AGEIiT COliC 

, ,""" - .. 

Cardio-Vascular SysteM 
BP Syst 12E1 

Mean 9E1 
Dias 79 

Heart Rate 6E1 
:~::!:i9g:,:\~~:~::i'~;:!!: .. ::!::::::~c:;:; 

Airway Pressure 

Peak 29 
Mean 15 
PEEP 2 
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"..-. ~ ." .... - ... --- . ,....-

Respiratory Functions 
Insp. 02 38 
ET C02 39 
Resp. Rate 7 
Tid. Vol. .54 
Min. Vol. 4.48 

Figure 2- The integrated monitor display. In the case 
shown, the %02Sat. and the message area are 
highlighted indicating an alarm condition. 
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through the RS-232 ports were stored in one file, analog ECG 

waveforms were stored in another file, and analog 

respiratory data (agent concentration and C02 waveform) were 

stored in the third file. The data files were then copied to 

floppy disks and used for testing and evaluation of the 

rule-based algorithms. 

All alarm occurrences during a case and their possible 

cause were recorded by hand on a case report chart. For 

example if the high heart rate alarm limit was violated 

while the ESU was being used and the ECG waveform indicated 

interference, the ESU was assumed to have caused the alarm. 

Data collection hardware was setup in the operating room 

where mostly abdominal cases are performed. Operations 

lasting not longer than 2 hours with patients in ASA III 

category and using general anesthesia, were selected for 

data collection. The patients were generally women (except 

for 2 cases) from 17 to 47 years old (average age 27). The 

administration of drugs and anesthetic techniques were not 

controlled. 

Patient information such as age, weight, ASA 

classification, and baseline value for heart rate and blood 

pressure measured prior to operation, were also recorded on 

the chart. Additionally, time of start of surgery, 

intubation, incision, and end of surgery were recorded. 
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DATA INTEGRATION 

Centralized display of operating room data can greatly 

enhance vigilance and improve patient monitoring. With 

appropriate integration of data ,another step towards 

improved monitoring can be taken. A centralized monitor 

without further integration of data will simply display the 

data from its many sources. By inclusion of a "smart" 

algorithm to integrate the data it is possible to combine 

different information from various sources and derive 

conclusions not readily available from individual sources. A 

"Smart alarm" algorithm can be used to improve alarm 

accuracy and recognition. 

For example a single monitor may at most be able to 

look at patterns and baseline value for setting and 

activating heart rate alarms. In an operating room using 

non-integrated ECG, non-invasive blood pressure, and pulse

oximetry, there are three sources for heart rate data and 

three heart rate alarms. An integrated monitor on the other 

hand, can use multiple sourcing to avoid false alarms when 

at least one source of heart rate data is available. By this 

approach integration results in more accurate data and fewer 

false alarms. 

Another example is the possibility of using multi

parameter analysis in determining the cause of an alarm and 
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establishing whether it is a true or false alarm. Intubation 

often results in false low C02 alarms. By simultaneous 

analysis of various respiratory and system parameters 

intubation can be detected. In this example integration 

results in identification of an event which is normally not 

possible using standard stand alone monitors. 

Two "smart alarm" algorithms for reduction of false 

alarms were developed. One algorithm was designed for 

reduction of false heart rate alarms through use of multiple 

sources and rate of change analysis. The second algorithm is 

designed to detect intubation and temporarily disable pre

intubation low C02 alarms. 

Heart Rate Alar.m Accuracy 

One of the most basic and essential vital signs 

monitored during the administration of anesthetics is heart 

rate. Heart rate is typically determined from the 

electrocardiogram (ECG) which is obtained by placing 

electrodes on the patient's chest. The electrical signal 

from the patient is amplified by instrumentation amplifiers. 

A rate meter uses the time between consecutive R waves to 

determine heart rate. Patient movement can produce a 

potential difference at the patient-electrode interface 

(motion artifact) which can cause interference with the 

measurement of ECG signals [51]. Also, due to the electrical 

nature of the ECG, it is extremely sensitive to electrical 
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interference from equipment in the operating room. The 

electro-surgery unit (ESU) which is commonly used in the 

operating room is the major source of electrical 

interference with the EeG. The ESU utilizes high frequency 

electrical signals for cutting and coagulating tissue. 

Although high frequency signals from the ESU are filtered by 

the EeG monitor, lower frequency harmonics of the signal 

fall in the frequency range of the EeG monitor. Interference 

in the EeG waveform may result in erroneous heart rate 

evaluation. 

Another source of heart rate commonly available in the 

operating room is the pulse-oximeter. The pulse-oximeter is 

used for the measurement of blood oxygen saturation. By 

passing beams of red and infra-red light through the finger 

and measuring "the transmittance characteristics as blood 

flows through the finger, the pulse-oximeter evaluates the 

heart rate and blood oxygen saturation. Since the probe is 

placed on the patient's finger, the pulse-oximeter is not 

affected by patient movement in the same way that the EeG 

monitor is. Also, the optical interface of the oximeter is 

not sensitive to electrical interference such as the ESU. 

The pulse-oximeter is susceptible to other artifacts such as 

inflation of the blood pressure cuff if the oximeter's probe 

is on the same arm as the cuff and patient movement. Thus, 

there are at least two monitors with different interference 
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susceptibilities. Multiple sourcing the two monitors will 

increase alarm accuracy. 

The non-invasive blood pressure monitor is another 

possible source for heart rate measurement. The major 

disadvantage of this source is frequency of measurement. 

Heart rate is measured and updated only when the blood 

pressure is measured which may at most be as infrequent as 

every 2 minutes. 

To determine false alarms an algorithm based on 

multiple sources and maximum rate of change was developed. 

The smart alarm algorithm uses heart rate data from the ECG 

and the pulse-oximeter and selects one as the source for 

displayed heart rate. The heart rate from the NIBP monitor 

was not used because of its low update rate. 

Selection of one source over the other is primarily 

based on the rate of change rule. Rate of change of heart 

rates from both monitors are analyzed to detect non

physiologic changes. A maximum physiologically possible rate 

of change of 10 BPM/5 sec was used. This value was derived 

heuristically by considering the rate of change of heart 

rate data during interference and comparing that with normal 

heart rate variations (Figure 3). The change in heart rate 

from each source is compared to the 10 BPM/5 sec limit to 

detect possible non-physiologic data. 

Figure 4 shows the flow chart of the algorithm for 

selection of proper source of heart rate. The ECG monitor 
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120r---------------------------------------------------, 

100 ......................................... , ............................................................................ . 

80 .................................................................. ;'"" ............... ~ ................................... . 
A maximum physiologically induced rate of change of 
10 BPM per 5 seconds was selected because only 0.4% 60 ...................................................................................................................... . 
of the "No Interference" data and nearly 50% of the' 
"ESU Interference" data exceed this limit. 

::1:::::::::: 
o 10 20 30 40 50 

Heart Rate Variation in 5 seconds [BPM] 

- No Interference -t- ESU Interference 

Figure 3- Distribution of heart rate variations caused by 
artifact was plotted and compared with 
physiologically induced heart rate variations, to 
establish maximum rate of change of heart rate 
for the "rate of change" rule. 



CHECK HR 
FOR ALARMS 

~ ___ H_R_<_=_H_R_._EC_G ____ ~I~~~ ___ <c 

HR <= NONZERO 
SOURCE 

HR <= HR.OXY 

HR <= HR.ECG 

HR <= HR.ECG 

HR <= HR.OXY 

RECEIVE HR.ECG 

Figure 4- The algorithm for selection of source of heart 
rate. This algorithm uses the rate of change and 
other rules to select the ECG monitor or the 
pUlse-oximeter as its source of heart rate data. 
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was selected as the default source of heart rate. The 

algorithm compares the values from the two sources and if 

the two match closely, the data from the default source are 

used for alarm detection. If a mismatch is detected between 

the two sources up to three rules may be used to select the 

source with correct data. The first rule searches for power 

off or disconnect in either source. A source with a heart 

rate of zero is ruled out. The second rule is the "rate of 

change" rule. By this rule any change in heart rate 

exceeding 10 BPM in 5 seconds was considered artifactual. If 

during a mismatch only one source violates the "rate of 

change" rule, it is discarded and the other source is used. 

For the duration of the mismatch, the data from the source 

which did not violate the "rate of change" rule is selected. 

If both sources indicate non-zero heart rate and both either 

violate or do not violate the "rate of change" rule, another 

criteria is needed to select the best source. The value of 

blood oxygen saturation is used to determine accuracy of the 

pulse-oximeter heart rate. Rapid drop in the value of blood 

oxygen saturation to a level lower than 70% may indicate an 

error in pulse-oximetry. The third rule uses this fact and 

determines whether the pulse-oximeter or the ECG monitor is 

to be used for heart rate source. These three rules are not 

necessarily executed each time a mismatch is detected. As 

soon as one of the rules selects the proper source, the 
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algorithm proceeds to the next step which is the generation 

of alarms. 

Figures 5 and 6 show sample heart rate data from two 

cases. These figures clearly show that false alarms in the 

two monitors used, often do not occur simultaneously. In 

addition it can be noticed that physiologically valid data 

vary smoothly from one sample to the next. All of the sharp 

changes in heart rate shown in these figures are caused by 

interference. 

Patient independent high and low alarm limits are to 

blame for some of false positive and false negative alarms. 

Most operating room monitors have adjustable alarm limits 

that need to be set according to the patient's initial heart 

rate. Setting of alarm limits is frequently ignored during 

the induction phase of anesthesia. Alarm limits are often 

left as they were set for a previous patient, increasing the 

chances of false positive or false negative alarms. 

To generate automated patient dependent alarms, for 

each patient a baseline heart rate value was calculated. The 

baseline is the average heart rate over 10 beats at the 

beginning of the case. An alarm condition was defined as a 

change in heart rate of greater than 30% from the baseline. 

Reduction of C02 Alarms 

Monitoring end-tidal C02 and the C02 waveform helps the 

anesthesiologist detect circuit leaks, disconnects, or 
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Figure 5- Sample heart rates from the ECG monitor and the 
pulse-oximeter. Here electro-surgery interference 
has corrupted part of the data from pulse
oximeter while ECG monitor's heart rate remains 
valid. 
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Figure 6- Sample heart rates from the ECG monitor and the 
pulse-oximeter. Interference from NIBP cuff has 
resulted in multiple false alarms in the heart 
rate from the pUlse-oximeter and ESU interference 
corrupted parts of the data from the ECG monitor. 
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valuable 

information during the case, C02 monitoring is not very 

important prior to intubation and may even be disruptive 

because of frequent false alarms. It would be advantageous 

to turn off the low C02 alarm before and during intubation 

to avoid false alarms and automatically activate the C02 

alarm after intubation. To accomplish this, 

detection of intubation is needed. 

reliable 

During intubation the patient is disconnected from the 

breathing circuit. The sampling port of the C02 monitor is 

in room air and does not sample patient's exhaled gases. 

Therefore the C02 waveform drops to zero and remains 

constant until the patient is intubated and breathing 

through the circuit. The C02 waveform can be used but is not 

sufficient 

the same 

for identifying intubation. 

way during intubation as 

It behaves exactly 

it would during a 

disconnect or apnea. Other variables such as respiration 

rate and heart rate are used to detect intubation. In 

addition, other events which precede or occur concurrently 

with intubation are recognized and used for detection of 

intubation. 

Typically at the beginning of a case which involves 

intubation, the patient is pre-oxygenated. Pre-oxygenation 

is started during the first few minutes of the case by 

giving the patient 100% oxygen using a mask placed on the 

mouth. Before the end of pre-oxygenation or shortly after, 
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the mask is removed and intubation starts. The process of 

intubation can take anywhere from 15 to 60 seconds depending 

on the experience of the anesthesiologist and the difficulty 

in inserting the tube. Occasionally the intubation is not 

completed in 60 seconds and it may be necessary to pre

oxygenate the patient again and initiate a second intubation 

attempt. When intubation is completed the patient is given a 

breath with large tidal volume [21] and the ventilator is 

switched to mechanical. 

The events and actions leading to completion of 

intubation are divided into four stages: 

1) Start of pre-oxygenation, 

2) Completion of pre-oxygenation, 

3) Start of intubation, 

4) Completion of intubation. 

Table 2 summarizes different stages of intubation and 

the rules used for detection of each stage. 

Start of pre-oxygenation is marked by inspiratory 02 

levels of greater than 80% along with at least one valid 

breath. A valid breath is one with end-tidal-C02 levels of 

greater than 20 torr. In addition, pre-oxygenation is always 

performed at the start of the case. So if during the first 5 

minutes of the case pre-oxygenation is not detected, it is 

assumed that there will not be an intubation and C02 alarm 

will be turned on for the remainder of the case. Pre-
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oxygenation is considered complete, when at least 1 minute 

of pre-oxygenation has been detected, and the inspired 

oxygen falls below 80%. 

During pre-oxygenation or within 30 seconds from the 

end of pre-oxygenation, intubation may be started. If during 

this period a disconnect is detected and the patient has not 

been intubated yet, the disconnect is labeled start of 

intubation. A disconnect is when respiration rate is zero, 

airway pressure is zero, and end-tidal-C02 level is less 

than 5 torr. A maximum of one minute is allowed for 

intubation after which the C02 alarm is turned on and the 

message "Prolonged Intubation" is displayed. 

There is often a rapid rise in the heart rate caused by 

the stimulation during intubation. This change in heart rate 

was observed and quantified to develop one of the rules for 

the completion of intubation. The patient is considered 

intubated if a valid breath with higher respiratory rate 

than before intubation is detected and an increase in the 

heart rate was detected during the intubation period. 



1) Start of pre-oxygenation: 

- Inspiratory 02 levels of grater than 80%. 

- Detection of a valid breath. 

- Less than 5 minutes since the start of the case. 

2) Completion of pre-oxygenation: 

- At least 1 minute of pre-oxygenation. 

- Rapid drop in inspired 02 to below 80%. 

3) Start of intubation: 

- The patient is being pre-oxygenated or pre-oxygenation was completed 

less than 30 seconds ago. 

- The patient has not yet been intubated. 

- A disconnect in the breathing circuit is detected. 

4) Successful completion of intubation. 

- Start of intubation has been detected. 

- Detection of a valid breath. 

- Larger respiratory rate after intubation than before intubation. 

- A clear increase in heart rate during intubation. 
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Table 2- Four stages leading to intubation and the rules used for detection of each stage. 
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ANALYSIS USING ARTIFICIAL NEURAL NETWORKS 

INTRODUCTION 

Analysis of physiological waveforms in the operating 

room is a task which is easily performed by the 

anesthesiologist. By observing the waveforms (C02' ECG, 

airway pressure) the expert can detect difficulties and may 

even be able to predict possible complications. However, 

this task requires full attention of the anesthesiologist 

and constant vigilance over the duration of operating room 

procedures is impractical. Computers can be utilized to 

continuously monitor the waveforms and inform the 

anesthesiologist of relevant changes, when necessary. 

Continuous monitoring and display of ECG has been 

recommended and is widely practiced. In addition to 

providing heart rate values, the ECG helps detect rythm 

disturbances which may be caused by blood deficiency in 

parts of the heart (ischemia). 

In this study the ECG waveform was analyzed to detect 

abnormalities in the ST segment. Abnormalities such as 

elevated or depressed ST segments are an indication of 

ischemia. The correlation between the ECG waveform and the 

patient's anesthetic status was also investigated. 

Another waveform commonly monitored and displayed in 

the operating room is the C02 waveform. Many respiratory 
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difficulties can be diagnosed, and many breathing circuit 

problems can be identified from the C02 waveform. 

The C02 waveform was used to distinguish mechanical 

versus spontaneous breathing. It is true that the 

anesthesiologist is fully aware of patient's breathing 

mode, and such distinction may seem useless. However, having 

this information automatically evaluated and available to 

the computer can be useful in evaluating other more valuable 

conditions such as detection of intubation. The C02 waveform 

was also used for detection of patient attempts to breath 

spontaneously while being ventilated mechanically. 

For computer assisted monitoring and analysis of the 

waveforms the "Artificial Neural Network" (ANN) approach was 

selected. As mentioned in the introduction, ANN's are 

information processing systems composed of a large number of 

densely interconnected non-linear processing elements. The 

processing elements (nodes, or neurodes) have a number of 

weighted inputs and a single output. A node simply adds the 

weighted sum of the inputs and applies the results to a 

nonlinearity such as a threshold function, a hard limiter, 

or a sigmoidal function (figure 7) [6,32]. 

The output of a node may be used as the output of the 

system or applied to one or more nodes. This wayan ANN with 

multiple layers can be formed. It is also possible to feed 

the output of a node back to its own input. To properly 

recognize and classify patterns, an ANN needs to be trained 
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Figure 7- A neurode. A neurode is composed of many inputs 
and a single output. It performs a simple 
operation such as summing all the inputs and 
applying the result to a nonlinearity. The output 
from the nonlinearity is the neurode's output. 
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with samples of the patterns to be classified and the 

expected output (supervised training). During the training a 

known input is applied and the weights are iteratively 

adjusted until the expected output for the given input is 

observed. The most widely used supervised training algorithm 

is the back-propagation. The back-propagation training 

algorithm used on a multi-layer feed-forward network, 

minimizes the mean square error between the expected and 

actual outputs [5]. 

For this study a 3-layer feed-forward network utilizing 

the back-propagation learning algorithm was selected. The 3-

layer feed-forward network is capable of forming any 

arbitrarily complex decision criteria [32]. The number of 

nodes in each layer will depend on the waveform being 

classified ( C02 or ECG), the number of distinct classes, 

and the complexity of the classification. 

METHODS 

C02 WAVEFORM 

The C02 waveform will be used to classify each breath 

as spontaneous, mechanical, or mechanical with indications 

of spontaneous breathing attempts. Figure 8 shows a sample 

of each type of breath. In order to reduce the number of 

ANN's input nodes, the waveform was partitioned and only the 

data from the rising edge (end of exhalation) and the 

falling edge (end of inhalation) of the signal were used. 
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classified by the system. 
A) Spontaneous breathing. 
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breath against the ventilator. 
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The rising edge contains information on the mode of 

breathing and the falling edge can be used to detect 

attempts of spontaneous breathing. 

To detect the edges of the signal, it is noted that 

with any change in magnitude there will be a corresponding 

peak in the first derivative, or a zero crossing in the 

second derivative of the signal [34]. To detect the edges of 

the signal, zero-crossings of the signal's second derivative 

were detected. 

f(x) = D2 [I(x)] (1 ) 

In equation 1, I(x) is the signal; D2 represents the second 

derivative operator; and f (x) is the second derivative of 

the signal. 

Any change in magnitude will result in a zero-crossing 

of the second derivative, and minor noise in the signal will 

result in detection of false edges. Therefore, the C02 

waveform must be filtered before edge detection, but the 

filter must preserve the actual edges in the signal. 

The optimal smoothing filter for edge detection is a 

Gaussian (equation 2) [34]. 

G(x) = [1/o(2n)1/2] exp(-x21202) (2) 

If the signal I(x) is first filtered using the Gaussian 

G(x), the second derivative of the filtered signal is given 

by: 

f (x) = D2 [G (x) * I (x) ] (3 ) 
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In equation 3, * is the convolution operator, and f (x) 

corresponds to the second derivative of the filtered signal. 

This equation can be rewritten as: 

f (x) = D2G (x) * I (x) (4) 

Equation 4 suggests that to smooth and at the same time 

calculate the second derivative of the signal, the second 

derivative of a Gaussian, D2G(x), can be convolved with the 

signal. 

The second derivative of a Gaussian is given by: 

G"(x) = [-1/a3 (2n)1/2] (1-x2/a2 )exp(-x2/2a2 ) (5) 

The optimal standard deviation (a) needed in equation 5 

depends on the characteristics of the signal. Different 

values of standard deviation were tried with 8.5 selected to 

gi ve detection of actual edges and not edges generated by 

noise. Gil (x) was calculated for x from -35 to +35 in 

increments of 1, resulting in 71 elements for the filter 

coefficients. This range was selected because for Ixl>35 the 

second derivative of a Gaussian with 0=8.5 is approximately 

zero. Figure 9 displays the filter characteristics. The 

results of applying it to an actual noisy C02 waveform 

sampled at 61 Hz is shown in figure 10. 

Two 3 layer feed-forward ANN's with 50 input nodes, 6 

middle-layer nodes, and 1 output node were used (figure 11). 

One network receives 50 samples which preceded the rising 

edge. This network was trained to distinguish spontaneous 

from mechanical ventilation. The second network receives 50 



62 

20~--------------------------------------------------, 

••••• • •••• 
10 ...................... ~ .• ~ ......... eo~ ..•.............•.•.............. ~~ ........ ~ .• ~ .........................•.•........ 

• • .-. .-. . - ... 
rJl _..... • • a ••••• 
~ O~~··~~--------------------------------------~~U&~----~ Z 
~ -U -

• 

• • 
&:-10 
~ • • 
o 
u • • 
~-20 
~ 

......................................................................................................................... 

• -~ • 
-30 ....... .... ........ ..... ........... ............ ... . " .. " ................................................................ . 

-40 ~------------~------------~------------~I----------~ 
o 20 40 . 60 

FILTER ELEMENT NUMBER 

Figure 9- The edge detection filter. The second derivative 
of a Gaussian with a = 8.5 was used for edge 
detection. 

80 



63 

A) 

36.0 

" 28.0 
j:t; 
j:t; 
0 

'"' 20.0 ~ 

N 
0 
U 1.2.0 

4.00 

B) 
········fI·······································~····· ·································r········· .1.00 

'"' = .050 
~ 

'"' = 0 

~ _.050····· i::: I:··:···········:·:·:::: 

~-.m···········l·y······················· 
.000 

1.00. 300. 500. 70 • 

SAMPLE .. 

Figure 10- A) Noisy C02 waveform during mechanical 
ventilation. 

909. 

B) Output of the edge detection filter when 
applied to the signal of figure lOA. Zero-crossings 
of the filter's output correspond to the edges of 

the signal. 
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Figure 11- Two artificial neural networks were used for CO 2 
classification. ANN1 operates on the rising edge of the 
waveform to recognize spontaneous vs. mechanical 
breathing. ANN2 operates on the falling edge to detect 
attempts of breathing against the ventilator. 
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samples which preced the falling edge. This network was 

trained for detection of spontaneous breathing attempts. 

The C02 waveforms sampled using the integrated monitor 

described previously were used for the development and 

testing of the C02 classification algorithm. C02 waveforms 

from a total 17 surgical cases involving intubation were 

available. Five data sets were used for formulating the 

algorithms and training the ANN's. The remaining data sets 

were used to generate 70 15-second intervals of C02 

waveforms for testing purposes. 

The test data contained a total of 182 breaths, from 

which 71 were spontaneous, 67 were mechanical, and 44 were 

mechanical with spontaneous breathing attempts. The test 

data were selected so that an almost equal distribution 

between different breath categories would be available. 

Figure 12 shows the algorithm used to classify C02 

waveforms . The algorithm receives C02 samples and applies 

the edge detection filter to detect end of exhalation. Then 

50 samples which preceded the edge are applied to the first 

ANN which determines breathing mode. If spontaneous 

breathing is detected there is no need for analyzing the 

falling edge of the waveform. A message is displayed and the 

algorithm loops back to the beginning. On the other hand if 

mechanical ventilation is detected the falling edge needs to 

be analyzed for possible attempts to breathe spontaneously. 

The edge detection filter is used again to detect end of 
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inhalation. At that time 50 samples of the C02 waveform are 

applied to the input of the second ANN and this ANN will 

determine if any indication of attempts to breath 

spontaneously existed in the waveform. 

ECG WAVEFORM 

Initially the ECG waveform was used to study possible 

correlations between ECG morphology and the anesthetic 

depth. For this purpose the ECG data from the integrated 

monitor were used. From each of the 20 surgical cases one Q 

to Q interval of the ECG from the start of the case, and one 

Q to Q interval from after intubation and right before 

incision were used. It was assumed that at the start when 

the patient is just brought into the operating room, the 

patient is very light (awake), and before incision the 

patient is well anesthetized (sleep). The data from the 

start of the case were used for training the system to 

detect light or no anesthesia and the data from before 

incision was used for training the system on detection of 

well anesthetized condition. 

To reduce the effect of heart rate variability on the 

ANN training, the Q to Q intervals were truncated at 100 

samples. Also, to eliminate the effect of signal magnitude, 

all the signal amplitudes were normalized from a to 1. 

Training was then attempted on various combinations of awake 

and sleep ECG waveforms. 
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The second ANN for use on the EeG was trained to detect 

abnormalities in the ST segment. A depressed ST segment is 

an indicator of myocardial ischemia. Likelihood of ischemia 

varies depending on the slope of the depression. Downsloping 

ST segment depression has a false positive rate of less than 

1%. The incidence of false positives for horizontal 

depressed ST segment is approximately 15%. A slow upstroking 

depressed ST segment has a false positive rate exceeding 30% 

and rapid upstroking ST segment depression has no diagnostic 

significance. ST segment elevation is evidence of more 

severe transmural ischemia [22]. 

For this part of the study only detection of horizontal 

depressed and elevated ST segments were attempted. A 

horizontal ST segment depression is when a 1mm or more 

depression exists at the J point, the point on EeG waveform 

where the S wave ends and the T wave begins (figure 13), and 

the ST segment continues horizontally for 0.08 seconds or 

more. An ST segment elevation is when the ST segment is 

elevated by at least 1rnrn (assuming a scale of 1mm/O.1mv of 

EeG) . 

Since the data collected in the operating room did not 

consistently contain abnormalities, EeG's with various ST 

segment abnormalities were created. Normal EeG data from 6 

healthy adults were digitized at 250 samples/sec and stored. 

The data were then used to create EeG waveforms simulating 2 

different ST segment abnormalities (figure 13). These 
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Figure 13- Computer simulated ST-segment abnormaliries. the 
J point is indicated on the figure. 
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include ST segment elevation and horizontal ST depression. 

All the waveforms including the normals were scaled from 0 

to 1 and used for ANN training. 

An ANN with 80 input nodes, 4 middle layer nodes and 2 

output nodes was used (figure 14). Every other -digital 

sample from the EeG waveforms starting at the Q point was 

used as an input to the ANN. Each output node was used to 

indicate one of the two different abnormalities, so that for 

normal EeG both outputs would be zero. The ANN was trained 

on 4 of the data sets and tested on the remaining set. This 

was repeated 5 times so that each data set was excluded from 

training and tested once. 

To ensure that the ANN was in fact trained to detect ST 

segment shifts and was not producing the correct answers by 

chance a sensitivity test was designed. The sensitivity test 

characterized the network's output behavior as a function of 

ST segment shift. The EeG waveform from one of the subjects 

was selected and using computer simulation 21 EeG patterns 

with ST segment shifts ranging from -.2mV to +.2mV in 0.02mV 

increments were created. These EeG patterns were applied to 

the input of a network which had been trained using data 

from other subjects. The output values at each increment 

were noted. 
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RESULTS 

Heart Rate Alarm Accuracy 

Computer generated patient dependent alarm limits were 

used to set the upper and lower heart rate limits for the 

ECG monitor, the pulse-oximeter, and the "smart alarm". 

Alarm limits were set at 30% above or below the patient's 

baseline which was determined by averaging 10 heart rate 

samples (5 sec. periods) at the beginning of the case. The 

total number of heart rate samples (5 sec. periods) from the 

ECG monitor, pulse-oximeter and "smart alarm" exceeding the 

upper or lower alarm limits were counted. The alarms were 

classified as true positives and false positives using the 

information recorded during each case in the operating room. 

The information included instances of ESU interference, ECG 

or pulse-oximeter disconnects, patient movements and other 

possible interference. Statistical significance was 

determined using Student's paired t-test. Table 3 shows a 

summary of the results. 

With the ECG monitor, there were a total of 1776 five 

second intervals in which there was an alarm in the 

operating room. From this number 662 (37.3%) were determined 

to be false alarms and the rest were indicative of true 

physiological change in the heart rate beyond the alarm 

limits. Similarly for the pulse-oximeter, from a total of 
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TOTAL ALARMS FALSE ALARMS % FALSE TRUE ALARMS % TRUE 
5 sec. intervals 5 sec. intervals ALARMS 5 sec. intervals ALARMS 

ECG MONITOR 
1776 HEART RATE 662 37.3 % 1114 

PULSE-OX 
1378 157 11.3 % 1221 HEART RATE 

SMART ALARM * 1265** 
HEART RATE 1299 34 2.6 % 

By Student's paired t-tests: 

• differs from the ECG monitor false alarms at p=O.0005, 

and differs from the pulse-oximeter false alarms at p=O.02 

•• differs from the ECG monitor true alarms at p=O.022, 

and differs from the pUlse-oximeter true alarms at p=O.04 

62.7 % 

88.6 % 

97.4 % 

Table 3- Results of heart rate multiple parameter analysis. 
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1390 five second intervals, 157 (8.7%) were false alarms. 

The smart alarm algorithm generated alarms during a total of 

1299 five-second intervals with only 34 (2.6%) false alarms. 

By Student's paired t-tests, "smart alarm's" false alarms 

were significantly less than the EeG monitor's false alarms 

(p=0.0005), and the pulse-oximeter's false alarms (p=0.02). 

The number of true posi ti ve alarms detected by the 

"smart alarm" was larger than that of either the Datascope 

EeG monitor or the Nellcor pulse-oximeter. This occurred 

because true physiological increases or decreases in heart 

rate (which should have generated a true positive alarm) 

were occasionally obscured by false alarms due to electro

cautery or monitor disconnect. The number of true positives 

generated by the EeG monitor were 1114 (5-second intervals), 

which is less than that of the "smart alarm" (1265 5-second 

intervals) with a significance of p=O. 022. In the case of 

the pulse-oximeter also the number of true positives (1221 

5-second intervals) was less than the true positives 

generated by the "smart alarm" with p=0.04. 

The "smart alarm" heart rate algorithm detected fewer 

false alarms, and more true alarms than either the EeG 

monitor or the pulse-oximeter when used individually. 

/ 

Detection of Intubation 

17 of the 20 cases during which data were collected 

involved intubation. The intubation detection algorithm 



75 

properly detected 13 of the 17 intubations. with intubation 

detection 42% of total C02 false alarms were avoided. 

Two major shortcomings of the algorithm which led to 

four undetected intubations included: 

1) The algorithm is not programmed to detect second 

intubations, which occurred on two occasions; 

2) Some of the variables used in recognition of intubation 

were also affected by other actions; e. g. because of the 

drugs administered, the heart rate did not always increase 

during intubation. 

In order to improve the system, second intubations 

should be allowed (which means that failed intubations 

should be recognized), and more parameters, such as 

continuous airway pressure and C02 need to be included in 

the rules. However, it would be difficult to improve the 

system because some of the parameters are not available to 

the integrated monitor. For example, airway pressure is 

available from the anesthesia machine, but the information 

is updated on a breath to breath basis. During a disconnect, 

when no breaths are detected by the machine, the pressure 

information is not updated, making it impossible to properly 

detect a disconnect using airway pressure. 

C02 Classification Using Artificial Neural Networks 

Table 4 shows the C02 classification results. 171 out 

of 182 breaths were detected by the system. Undetected 
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C02 WAVEFORM CATEGORY 

SPONT. MECH. FIGHT. CLASSIFICATION RESULTS 

47 0 0 SPONTANEOUS 

4 65 7 MECHANICAL 

9 2 37 FIGHTING THE VENTILATOR 

11 0 0 UNDETECTED 

71 67 44 TOTAL 

Table 4- Results of C02 waveform classification. Most errors 
were caused by edge detection algorithm missing 

spontaneous breaths. 
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breaths were spontaneous and lacked sharp edges. 44 

mechanical breaths exhibited signs of patient attempts to 

breathe against the ventilator, as determined by careful 

visual examination. 37 of these 44 (84%) were properly 

classified by the artificial neural network. Those 

undetected had only minor visual signs of breathing attempts 

during mechanical ventilation. 

Edge detection could be improved significantly if less 

noisy data were available. Mis-classification was partly due 

to a low number of training waveforms. For example, not all 

of the possible patterns signifying spontaneous breathing 

were represented in the training data. Classification 

accuracy can be improved by increasing the training data. 

ECG Analysis Using Artificial Neural Networks 

Attempts to find a correlation between the ECG waveform 

and anesthetic agent failed. The training data were used 

with a variety of network topologies with different number 

of middle layer neurodes. Training was limited to 32,768 

iterations. If, after all iterations, total error in the 

output was greater than the preset maximum, the network was 

assumed non-convergent. 20 unanesthetized and 20 well 

anesthetized ECG waveforms were used for training. A three 

layer feed forward neural network was used. Training was 

attempted three times with 4, 6, and 8 middle layer 

neurodes. None of the networks converged during the 32,768 
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allowed iterations. This result could have been expected 

since there are no known changes in EeG morphology with 

anesthetic depth. 

Failure of this approach does not necessarily indicate 

that the EeG does not contain signs of anesthetic depth. The 

data gathered for this study included a variety of patients, 

surgical procedures, and anesthetic techniques which could 

have had more significant effects on the EeG morphology than 

the anesthetic depth alone. 

The algorithm utilizing the ANN approach for detection 

of ST segment abnormalities performed properly. The EeG 

waveforms from each subject were tested on a network which 

had been trained using the data from the other 4 subjects. 

That is, to test the EeG waveforms from subject number 1, 

the ANN was trained on EeG waveforms from subjects 2, 3, 4, 

and 5. Table 5 summarizes the results of EeG classification 

tests. As shown, all five sets were properly classified. 

worst case classification was for data set 3, when the 

outputs for the waveform with depressed ST segment were 

node 1 (elevation) = 0.0000, and node 2 (depression) = 

0.7739, instead of the expected node 1 (elevation) = 0, and 

node 2 (depression) = 1. 

The sensitivity test wa~ designed to characterize the 

networks output behavior as a function of ST segment shifts. 

This test was performed on data from one subject only. Data 

from subject number 2 were used to generate ST segment 
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ST Segment NORMAL DEPRESSED ELEVATED 
OUTPUT Node 1 Node 2 Node 1 Node 2 Node 1 Node 2 

EXPECTED 0.0000 0.0000 0.0000 1.0000 1.0000 0.0000 
SUBJECT #1 0.0520 0.0230 0.0000 0.9906 0.9669 0.0000 

II #2 0.0294 0.0044 0.0000 0.9796 0.9885 0.0000 

II #3 0.0048 0.0001 0.0000 0.7739 0.9459 0.0000 

II #4 0.0032 0.0642 0.0000 0.9906 0.9873 0.0000 

II #5 0.0450 0.0065 0.0000 0.9985 0.9998 0.0000 

Table 5- Results of the ST segment abnormalities detection 
using ANN. The table shows the results for each 
subject tested on the ANN when it had been trained 
using the other four subjects. 100% correct 
identification of elevated, normal, and depressed 
ST segments was achieved. 
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shifts from -.2mV to +.2mV in increments of 0.02 mV. These 

waveforms were applied to the input of the ANN which had 

been trained using the data from subjects 1, 3, 4, and 5. 

Figure 15 shows a plot of the output values for the two 

nodes versus the shift in the ST segment. As seen in the 

figure, as the ST segment shift increases from -. 2mV to 

+OmV, the value of the node 2 ("~he node indicating ST 

segment depression) drops from 1 to 0 and node 1 (the node 

indicating ST segment elevation) stays at O. Increasing the 

ST segment shift from OmV to +. 2mV causes node 1 to rise 

from 0 to 1, while node 2 stays constant at O. In either 

case an ST segment shift of + .1mV or - .1mV results in 

identification of elevation or depression correspondingly. 
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Figure 15- Results of sensitivity tests of ECG ST-segment 
abnormalities detection algorithm. The output of 
each node vs. ST-segment shift is plotted. ST
segment shift of +0.1 or -0.1 m V will result in 
identification of elevation or depression 
correspondingly. 
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DISCUSSION 

The integrated monitor designed here takes advantage of 

the technological advancements and availability of 

sophisticated software and hardware. A moderately fast 

inexpensive personal computer with data acquisition hardware 

and software were utilized to implement procedures which 

would have been impractical less the a decade ago. 

The system integrated 6 monitors with 13 derived 

parameters and 3 waveforms. Rule-based expert systems were 

used for selection of heart rate source and intubation 

detection. The ANN approach was used for analysis of the C02 

and the ECG waveforms. 

Multi-sourcing of the heart rate data resulted in 

significantly fewer false alarms than either of the two 

sources used individually. One may argue that since heart 

rate alarms are typically not used in the operating room, 

such reduction in false alarms is insignificant. However, 

accurate alarm systems with low false alarms and high rate 

of true positive alarms may encourage use of auditory heart 

rate alarms and lead to better monitoring. 

Multi-sourcing of the heart rate data has been 

implemented in some commercially available operating room 

monitors. Heart rate values for ECG, pulse-oximeter, and 

non-invasive blood pressure are used to provide the 
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displayed heart rate value. Typically these monitors do not 

detect false data and selection of one source over another 

only depends on a preset priority setting and availability 

of the data. Since ESU interference and patient movements 

are major sources of false heart rate alarms, it is 

important to not only select a source with data but to 

detect which one is more likely to have accurate data. 

Detection of intubation resulted in a reduction of low 

end-tidal C02 alarms. This approach may be expanded to 

detect extubation and further reduce low end-tidal C02 

alarms. It is also possible to use intubation and extubation 

to avoid other false alarms such as airway pressure. Goldman 

[21] also used detection of intubation as means of reducing 

false alarms. Digital data from a variety of monitors such 

as pulse-oximeter, non-invasive blood pressure, airway 

monitor, and three volume monitors were collected by a 

computer. Analog waveforms including airway pressure, 

anesthetic agaent waveform and flow were also sampled. 

Initial operating room data and interviews with 

anesthesiologists were used to develop rules for detection 

of intubation. These rules were implemented using an expert 

system shell. His system recognized 17 of 17 intubations in 

70 ± 98 sec. Improvements in the intubation recognition 

algorithm may be possible by adopting different rules and 

including other variables such as real time airway pressure. 
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The performance of the ANN for classification of C02 

waveforms was encouraging especially considering the 

relatively low number of training data used. Other 

experimental operating room monitors which have utilized 

ANN's have also shown positive results [8,9,39]. However, in 

this study as opposed to most systems utilizing ANN's, real 

physiological data were used. Using real data instead of 

simulated data makes the problem of waveform classification 

more difficult because real data are inherently more noisy. 

It is also more likely to get waveforms that do not clearly 

belong to one specific class, with real data. 

C02 waveforms can also be used for detection of circuit 

disconnect, kinked tube, and exhausted C02 absorber. 

However, it is sometimes impractical to get real 

physiological data to train an ANN because most operating 

room mishaps occur very infrequently. This was the reason 

for not pursuing C02 analysis any further. 

Correlation of the ECG .morphology with the anesthetic 

depth introduced another difficulty with analyzing real 

data. Real data is off ten a function of multiple variables. 

It is difficult to monitor or control all of these variables 

during a study involving patients. Although no correlations 

were found between anesthetic depth and ECG morphology, a 

more controlled study is needed before any conclusions can 

be made. 
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The algorithm for detection of ST-segment shifts was 

implemented using ANN's with computer simulated data; such 

system's can and have been implemented using algorithmic 

methods. Utilization of neural networks made the 

implementation phase considerably more simple than an 

algorithmic method. The only complication was convergence 

using the back-propagation algorithm. 

Since back-propagation is a gradient descent algorithm, 

it is possible to find a local minima and not converge to 

the correct answer. This problem can be alleviated by using 

a low gain to adapt weights, or by including a momentum term 

in the adaptation equation. The momentum term tends to 

maintain the direction of weight change from one iteration 

to the next. 

One major disadvantage of ANN's is that decisions made 

by the system are not explainable to the user. Unlike rule

based systems where all decisions are based on individual 

logical rules, the decisions made by an ANN are a function 

of system's internal weight and node thresholds. This may 

initially slow acceptance of a neural network based system, 

but should not pose any threats once such systems have been 

tested thoroughly and statistically proven to be correct in 

their analysis. 

This study has shown that integration of monitors is 

possible and effective in reducing false alarms and 

enhancing vigilance. Reduction of false alarms can in turn 
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promote the use of audio alarms which would otherwise be 

shut off. The ECG classification feature can inform the 

anesthesiologist of important changes in patient status such 

as ischemia which may occur infrequently but should be 

detected. Classification of the C02 waveform to detect 

breathing mode may not seem useful in its current form, but 

would be valuable to the "smart alarm" system itself. The 

system can use breathing mode information in more 

sophisticated rules such as detection of intubation. Also, 

the C02 classification algorithm is expandable to include 

detection of breathing complications. 

Some of the ideas discussed here have been implemented 

in the more recent operating room monitors. For example 

Space Labs,8 90305 PC2 monitor and Hewlett-Packard's9 model 

68 monitor provide for integration of a variety of operating 

room monitors into one by means of plug in modules. The 

Space Labs monitor also provides for automated data storage 

on floppy disk. Prioritizing alarms and other smart alarm 

techniques have also been used in some instances. 

8. SpaceLabs, Inc. 
4200 150th Ave. N.E. 
P.O. Box 97013 
Redmond, Washington 98073-9713 

9. Hewlett-Packard Company 
Medical Products Group 
3000 Minuteman Road 
Andover, Massachusetts 01810-1085 
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Some more complicated techniques described here could 

also be implemented in future monitors. More physiological 

data are required to improve the accuracy of such techniques 

and also to enable the system to detect other complications. 

The system may be expanded to detect additional 

physiological complications such as hypovolemia, malignant 

hyperthermia, hypoventilation, and even anesthetic depth. 

However, implementation of such a system requires close 

supervision of the anesthesiologist and a large data base 

produced from a wide variety of cases. 

Creation of libraries of various physiological data 

during normal surgery and surgery with certain ~omplications 

can speed up the development of monitors capable of 

distinguishing mishaps. Currently, the major obstacle in 

creation of such data libraries is the lack of a standard 

communication protocol for monitors. 

Acceptability of any monitoring system in the operating 

room will largely depend on its ease of use and accuracy. 

While user interface has not been considered in the design 

of this "smart alarm" system, it has been shown that this 

system provides more accurate alarms and data than the 

traditional non-integrated monitors. Another important 

factor in acceptability of new systems is their cost 

effectiveness. Many studies have shown that the legal costs, 

resulting from law suits that might have been avoided with 
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more sophisticated monitors, outweigh the cost of such 

monitors. 
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FUTURE DIRECTIONS 

This study highlighted the significance of the need for 

integration of monitors in the operating room. It has also 

shown that once such integration is achieved implementation 

of "smart alarm" algorithms and automated record-keeping 

becomes readily possible. 

One important aspect of operating room monitoring which 

needs more attention is the human interface. Exact format of 

the display, waveforms and parameters displayed, and use of 

audio and visual alarms, all need to be investigated and 

tested for user acceptability in the operating room. 

The "smart alarm" algorithms implemented in this study 

were a limited subset of all the rules that may be 

implemented in an integrated system. A next step would be to 

investigate the needs of the anesthesiologist and compile a 

list of problems. Algorithms based on the available 

parameters should be developed to address thses problems. 

Also, the concept of multiple sourcing used in this study is 

applicable to parameters other than heart rate. This concept 

might be used to increase the accuracy of other preprocessed 

variables. 

In order to make such algorithms easily adaptable to 

different monitors, it will be important to select the 

proper set of parameters so that they are readily available 
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from current monitors. It will also be helpful to rely more 

on the raw waveforms than the preprocessed parameters. The 

main disadvantage of this approach is the possible speed 

limitations due to complex calculations needed for analyzing 

analog waveforms. With faster micro-processors and new 

computer architectures involving multiple processors, speed 

limitations may be overcome. 

Another approach which may help overcome speed 

limitations is the use of artificial neural networks. 

Artificial neural networks are effective waveform 

classification and pattern recognition tools and should play 

a significant role in future biological waveform analysis. 

This need not undermine the use of rule based expert 

systems. Some applications are more efficiently performed 

using rule based systems and in some cases combinations of 

these approaches may provide the most efficient solution. 
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CONCLUSION 

In this study an integrated, computer based "smart 

alarm" system was designed and implemented. The system 

utilizes rule-based expert systems and artificial neural 

networks (ANN) for reduction of false alarms, interactive 

event recognition, vigilance enhancement, and retrievable 

data storage. 

Independent of the technique used, smart alarm 

algorithms used in this study were generally successful. 

Detection of intubation resulted in fewer low C02 false 

alarms. Multiple-sourcing of the heart rate data improved 

alarm accuracy resulting in significantly fewer false 

positive and increased true positive alarms. 

The artificial neural network (ANN) approach proved to 

be advantageous and reliable for analyzing physiological 

waveforms. The C02 waveform classification algorithm used 

ANN's and was able to recognize breathing modes. The ECG 

waveform analysis used ANN's and properly detected shifts in 

the ST-segment. The fast response time of ANN's is necessary 

for real-time operation of monitoring systems. 

The only component of the system which did not function 

was the correlation between ECG morphology and anesthetic 

depth. The failure of this component is primarily due to the 

lack of controls over surgical cases used for the study. 
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Variations in the type and amount of drugs administered 

during anesthesia could have effected the EeG waveform more 

than the anesthetic depth. 

This study highlighted some of the advantages of 

computer based smart alarms. Integration of operating room 

monitors into a centralized display capable of data storage 

and analysis using a personal computer was achieved. This 

study showed that significant reduction in false alarms is 

possible through multiple sourcing of data, and rate of 

change analysis. A new technique -the artificial neural 

network approach- was used for vigilance enhancement a and 

was shown to be accurate in detecting abnormal waveforms. 
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