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Abstract 

 

Introduction: Cortical arousals (CA) are a transient part of the sleep-wake system that 

may play an important role in characterizing sleep fragmentation and disorders, such as 

obstructive sleep apnea. The American Association of Sleep Medicine (AASM) (1992) 

rules describe electroencephaolgram (EEG) frequency ranges, as well as 

electromyogram (EMG) signal morphology to identify CA; however, because of a lack of 

reliability in arousal detection, even among well-trained human scorers employing the 

AASM rules, CA has had limited efficacy in describing healthy sleep and/or in diagnosing 

sleep pathology. The purpose of this study is to increase the reliability of CA detection 

utilizing Power Spectrum Density (PSD). The exact frequency bands needed for CA 

detection for each sleep stage will be identified. It will be tested whether or not, the 

submental activity is necessary in slow wave sleep (SWS) to increase the reliability of CA 

detection. Methods: Previously recorded 30-second EEG sleep epochs from healthy adult 

subjects (N = 99) were examined in this study. The average and standard deviation of the 

relative powers of all frequency bands (Delta, Theta, Alpha, Sigma, Beta1, Beta2, and 

Gamma) were computed for all epochs and sorted by sleep stages. Using EEG activity, 

the relative power of specific frequency bands was compared to the average plus a 

multiple of the standard deviation for the purpose of detecting CA in each sleep epoch. 

EMG activity was also included for all sleep stages. The average and standard deviation 

of the relative amplitudes were then computed for all epochs and sorted by sleep stages.  

For each sleep stage, CA detection was achieved by comparing the standard deviation of 

the amplitudes to a multiple of the averages of the standard deviations. This experimental 
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scoring technique was then compared with EEG epoch data scored by the Sleep Heart 

Center Study (SHHS) sleep scientists. An estimate of reliability was obtained using the 

Cohen kappa, sensitivity, and specificity measures. Results: Optimum CA detection 

entailed using a combination of different explicit frequency ranges for different 

respective stages. Based on the reliability calculated from the Cohen kappa, the optimum 

frequency bands for stage1 were: Beta1 (16-24 Hz), stage2: Beta1 (16-24 Hz), stage3: 

Beta1 and Gamma (24-48 Hz), stage4: Beta1 and Gamma (24-48 Hz), and stage REM: 

Delta, Alpha, Beta1, and Gamma (0-4, 8-12, 16-24 and 32-48 Hz). It was also found that 

the use of EMG for NREM sleep stages increased the sensibility. The corresponding 

statistical measures for all sleep stages were:  

Sleep Stage Cohen kappa Sensitivity Specificity 
Stage1 0.16±0.025 63±3% 56±2% 
Stage2 0.35±0.025 61±3% 81±1% 
Stage3 0.48±0.050 60±5% 96±1% 
Stage4 0.73±0.170 73±15% 98±2% 
Stage REM 0.48±0.030 58±3% 93±1% 

 

Conclusion: Careful consideration of the frequency band is necessary in order to 

increase the reliability of the detection of CA in EEG. Submental activity was also found 

to increase the reliability of CA detection in sleep stages SWS. Moreover, incorporating 

submental activity similarly increases most statistical measures. In conclusion, the AASM 

rules for detecting CA in EEG would be improved if the criteria included specific 

frequency ranges and submental activity in SWS sleep stages.  
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1 Introduction 
 

1.1 Cortical Arousal 
The concept of arousal is by definition a cortical activation and is measured by several 

physiological manifestations: activation of the electrocorticographic rhythms, increase of 

blood pressure, increase of muscle tone, and variation of heart rate (Halasz, 2004). 

Cortical arousals (CA) are considered normal phenomena occurring during sleep. In fact, 

when respiratory and/or cardiovascular failures occur during sleep (sleep apnea), CA are 

an essential element for the restoration of homeostasis. Apart from pathological situations 

such as sleep apnea, these events may be spontaneous and occur without obvious cause or 

presence of external stimuli.  They may also be evoked by external stimuli such as noise 

and touch or by internal causes such as apnea and stimulation triggered deep in the brain 

(pons). In 1992, the American Academy of Sleep Medicine (AASM, 1992) defined 

electroencephalogram (EEG) arousal as “An abrupt shift in EEG frequency, which may 

include theta, alpha and/or frequencies greater than 16 Hz but not spindles”. During 

Rapid Eye Movement (REM) sleep stages, arousal events are also associated with 

increases in signal amplitude in the electromyogram (EMG) readings.  

Over the last twenty years, an increasing amount of evidence supports acute involvement 

of arousals in the pathophysiology of sleep disorders (Halasz, 2004). Alertness regulation 

models suggest that the duration of prior sleep and the presence of sleep fragmentation 

are strongly correlated to daytime sleepiness (Carskadon and Dement, 1982). Since 

arousals also cause sleep fragmentation, they are in turn associated with daytime 

sleepiness (Hoffstein et al., 1991 and Fleetham, 1982).  
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1.2 Cortical Arousal Detection 
Since the number of cortical arousals occurring during the night is strongly correlated 

with fatigue, it is essential to be able to develop a quantitative method to detect CA 

reliably during the night. Such measurements may in turn be used to quantify fatigue 

levels. The most frequently used method to detect CA is based on the frequency analysis 

of EEG readings. An example of an arousal event occurring during REM stage is shown 

in Figure 1 where an increase of frequency in the EEG and an increase of amplitude in 

the EMG are both present. 

 

Figure 1: Arousal event during REM stage causing an increase of frequency in EEG and amplitude 
in EMG for a period of approximately 5 seconds. 

 

The above example represents a clear CA occurrence associated with activity in the EMG 

channel. In this example, a shift to higher frequencies is clearly visible in the EEG 

channel when activity occurs in the EMG. However, detection of arousal is typically 

much more difficult than the example above. There are many factors that make detection 

difficult, such as low frequency signal sampling, electrical artifacts, signal noise ratio 

and, in particular, the mixed and wide ranges of frequencies present in the EEG signal. 

Indeed, sleep stage1 and stage REM are characterized by a mixed frequency EEG 

composition, and sleep stage2 is characterized by mixed frequencies in conjunction with 

the appearance of K-complexes (brief negative high-voltage peaks) and spindles (short 

burst of brain activity) of frequencies ranging from 12 to 14 Hz. Hence, apart for stage3 
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and stage4 (slow wave sleep), which are characterized by high relative powers in low 

frequency ranges in EEG. The remaining three sleep stages, 1, 2, and REM, similarly 

exhibit a wide variety of frequencies (Susmakova, 2004).  

When a signal is composed of a wide range of mixed frequencies that also includes high 

frequency bands, any shift toward higher EEG frequency is difficult to detect. In contrast, 

when a signal is made up of a narrow range of low frequencies, a shift in higher EEG 

frequency is much easier to detect. Mixed frequencies in sleep stages 1, 2, and REM are 

composed of periodic signals whose frequencies can be as low as 1 Hz (Delta) and as 

high as 48 Hz (Gamma) (Ferri et al., 2000). When the underlying frequency bands spans 

all possible frequencies between 1 to 48 Hz, a shift in EEG frequency is challenging to 

identify and obscures arousal events in the EEG readings. Sleep stage 2 CA identification 

is further complicated by the presence of spindles, which have high frequency bursts 

similar to CA but of smaller length. 

The model developed by the American Sleep Disorders Association (ASDA, later 

renamed AASM) in 1992 to detect CA consists of 11 criteria (Appendix A). The first and 

main criterion defined for the identification of CA suggests a shift in 5 possible frequency 

bands when a CA occurs: “An abrupt shift in EEG frequency, which may include theta, 

alpha and/or frequencies greater than 16 Hz but not spindles.” Indeed, there are 3 distinct 

frequency bands higher than 16 Hz: beta1, beta2, and gamma. This implies that a CA will 

cause a shift in EEG frequency in one or a combination of two or more of the following 

frequency bands: theta (4-8Hz), alpha (8-12Hz), beta1 (16-24Hz), beta2 (24-32Hz), or 

gamma (32-48Hz). During sleep, EEG activity has frequencies between 0 and 48 Hz. 
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Adding all the above ranges at which a shift in EEG can occur comprises 83% of all 

possible frequencies (0-48Hz) as shown in Figure2.  

 

 

Figure 2: CA shifts in frequency in ranges between 4 and 12 Hz as well as between 16 and 48HZ, 
which represents 83% of the possible EEG frequency ranges found during sleep. 

 

The sheer number of possibilities derived from the criterion that CA is represented by the 

“abrupt shift in EEG frequency” suggests that the AASM’s definition is too vague.  

 

1.3 Motivation 
One of the primary motivations of this research is to define a more specific set of ranges 

into which frequencies shift when CA are present in an 30-second EEG epoch. 

Complicating the use of the existing AASM model for the detection of CA is that the 

definition of arousal as well as the many criteria needed to correctly score arousal as 

suggested by the AASM in 1992 (see appendix A) have significant deficits in terms of 

both their validity and reliability. A more recent analysis and discussion of arousals has 

re-emerged as part of the review of the AASM Manual for the Scoring of Sleep and 

Associated Events in which Dr. Bonnet et al. assert that “the scoring of EEG arousals has 

added much to our understanding of the sleep process but that significant work on the 

neurophysiology of arousal needs to be done. Additional refinement of arousal scoring 

will provide improved insight into sleep pathology and recovery” (Bonnet, 2007). 

Furthermore, these authors suggest that a more precise definition of arousal events along 

with enhanced computer scoring algorithms will improve automated scoring of arousals 
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and that additional research will be required to fully define many arousal parameters. Dr. 

Bonnet adds the caveat he is aware that “some of the automated scoring programs do 

score arousals but [he has] never seen reliability with human scorers for those systems.” 

(Bonnet, personal communication, May 17, 2008).  

Hence, a study that would compare the scoring of CA conducted by computers against 

the scoring performed by sleep specialists is necessary in refining the rules for accurate 

CA detection, and would contribute to the research on healthy sleep as well as sleep 

pathology, treatment, and recovery. 

 

1.4 Hypothesis 
The hypotheses tested in this research are: the current AASM criteria for scoring CA in 

sleep EEG can be optimized by identifying the specific frequency ranges in which CA 

occur. Additionally, scoring CA can also be optimized by using the submental in all 

stages of sleep. Hence, the goals of this research are to:  

 

1. Establish optimal frequency bands for detecting cortical arousals recorded in the 

electroencephalogram (EEG) and electromyogram (ECG) during sleep using an 

automatic computer scoring algorithm. 

2. Identify optimal frequency bands to detect CA and determine if they are sleep 

stage dependent. 

3. Demonstrate that the use of submental activity (EMG) improves the reliability of 

CA detection in all sleep stages of sleep and not just for REM as suggested in the 

AASM 1992 rules. 
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2 Background 
 

2.1 Polysomnography 
Polysomnography (PSG) is a technology used for the study of sleep, the diagnosis and 

treatment of sleep disorders, and daytime alertness. A PSG is a physiological recording of 

multiple variables (such as brain activity) using electroencephalogram (EEG), muscle 

tone using electromyogram (EMG), eye movement using electrooculogram (EOG), heart 

rhythm using electrocardiogram (ECG), as well as air flow, breathing, oxygen saturation, 

chest wall movement, and upper abdominal wall movement.  A most notable feature of 

PSG measurement is its non-invasive property: it does not involve piercing the skin and 

causes minimal patient discomfort. A typical recording requires eleven channels: two for 

EEG, one for chin movements, at least one for leg movements, two for eye movements, 

one for heart rate, one for air flow, one for oxygen saturation, and two each for chest and 

upper abdominal wall movement. In addition, the entire sleep PSG measurement is 

typically recorded on video. Once the recording is complete, a human scorer analyzes the 

data by reviewing the epochs defined as 30-second intervals of data for all channels. A 

typical 30-second epoch is shown in Figure 3. 
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Figure 3: 30-second epoch from a PSG that includes EOG for each eye, two EEG (C4/A1, and 
C3/A2), EMG and ECG. Based on the characteristics of these channels, human scorers are able to 

determine sleep stages using the Rechtschaffen and Kales rules. 
 

Based on the morphology, frequency, and amplitude of the signals in combination with 

the rules established by Rechtschaffen and Kales (Rechtschaffen and Kales, 1968), the 

human scorer determines the sleep stage of each epoch. In addition, the human scorer 

determines the occurrences of CA based on the AASM rules (AASM, 1992). A summary 

report, produced at the end of a complete sleep analysis, includes what is defined as an 

Arousal Index (AI) or the number of arousals a subject has per hour. AI is usually 

reported for both NREM and REM sleep stages.  

 

2.1.1 Electroencephalography (EEG) 
Electroencephalography is the recording of electrical potentials at the surface of the 

scalp. It measures the electrical activity produced by the firing of neurons in the brain. 

This neuron activity is created by potential differences across different locations on the 

surface of the brain. The electrical activity is created by the current flows through 
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individual neurons (Kandel, 1991). Electroencephalography is an acccurate method used 

to obtain temporal and spatial resolutions of electrical activity occurring in the cerebral 

cortex and is used widely in many sleep studies (Susmakova, 2004).  

The two EEG channels required for a complete PSG study are C4/A1 and C3/A2 located 

respectively on the median line connecting the two ears. C4/A2 connects the right part of 

the brain to the left ear while C3/A2 connects the left part of the brain to the right ear. 

Many other channels could be measured as well and are always connected across the 

median line dividing the scalp. An example would be the channels A1/O2 and A2/O1. It 

is possible to measure up to 64 EEG channels (128 electrodes) on the human skull. The 

international system of physical electrode placement as well as specific electrode 

designation on the scalp was standardized in 1958 (Jasper, 1958). This coordinate system 

divides the head into proportional distances from four landmarks in order to provide 

adequate coverage of the whole skull surface: the nasion (front), onion (back) and 

preauricular (ears on each side) points.  

 



 9 

 

Figure 4: Standard EEG Electrode placement for a PSG study 
 
EEG is important in the identification of arousals because it measures and records 

differences in the brain’s electrical activity and arousals are primarily defined in terms of 

shifts in these EEG frequencies (AASM, 1992). 

 

2.1.2 Electromyography (EMG) 
Electromyography is the recording of electrical potentials at the surface of the skin and 

measures the electrical activity of skeletal muscles and the health of the nerves that 

control these muscles. To satisfy PSG requirements, at least one EMG is placed on the 

chin to measure submental activity and may be used to determine REM versus NREM 

stages. Indeed, EMG activity decreases significantly during REM stages. EMG electrodes 

may also be placed on limbs to diagnose restless legs syndrome (RLS).  

Along with EEG, EMG is also important in the identification of arousals in REM stages 

as “arousals are scored in REM sleep only when [they are] concurrent increases in 

submental EMG amplitude” (AASM, 1992). Consequently, both EEG and EMG are 
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necessary for arousal detection in REM stages. In NREM, however, arousals “may occur 

without concurrent increases in submental EMG amplitude“ (AASM, 1992). 

 

2.2 Sleep Architecture 
Quantitative sleep analysis is fundamental to sleep research and can be obtained through 

sleep architecture that provides both macro and micro architectural features. Sleep 

architecture presents features that characterize a global sleep-stage structure (macro 

architecture):  

• Total sleep time: Number of minutes of sleep from lights-out to lights-on. 
• Number of Awakening: Number of times a patient wakes within the total 

recording time. 
• Sleep latency: Time from lights-out to first occurrence of sleep stage 1, stage 2, 

stage 3, stage 4, or stage REM. 
• Sleep efficiency: Total sleep time as a percentage of total recording time. 
 

Global sleep-stage structure measures reveal two distinct behavioral and physiological 

stages known as Rapid Eye Movement (REM) and Non Rapid Eye Movement (NREM).  

This inhomogeneous sleep characteristic was first discovered by Loomis in 1937 

(Loomis, 1937). NREM and REM occur in cycles during sleep. For healthy subjects, the 

duration of this sleep cycle is about 90-100 minutes and occurs 4 to 5 times during a 

whole night’s sleep. An example of such a cycle is represented through a hypnogram in 

Figure 5. 
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Figure 5: Four distinct cycles are shown in this 6 hours sleep interval. 
 
Sleep architecture also reveals the following microstructures: 

• Distribution and duration of all frequency activities. 
• Spindles (short burst of sigma frequency waves occurring in sleep stage2) 
• K-complex (brief high-voltage peaks occurring in sleep stage2). 

 

2.2.1 Non Rapid Eye Movement (NREM) Sleep 
In healthy subjects, Non Rapid Eye Movement (NREM) represents about 75-80% of the 

total sleep time. NREM can also be divided into 4 stages: stage1, stage2, stage3, and 

stage4. Stage3 and stage4 are usually grouped into what is known as Slow Wave Sleep 

(SWS). As the night progresses, the amount of SWS tends to decrease while the time 

spent in REM increases within each sleep cycle. Each sleep stage has specific 

characteristics. Stage1 is referred to as a transition sleep and occupies 3-8% of NREM. 

This stage is characterized by a low amplitude EEG with mixed frequencies between 2-

7Hz and possible occurrences of slow eye movements. However, a 30-second epoch is 

also scored as stage1 if alpha waves (8-12Hz) take up less than 50% of the epoch length. 

Following stage1 is sleep stage2 which is characterized by mixed frequencies, and 

sudden bursts of higher frequencies known as sleep spindles (occurring in 12-14 Hz 

range) along with negative sharp waves called K-complexes. The duration of sleep 

spindles and K-complexes must be at least 0.5 seconds long. Healthy subjects usually 

spend 45-55% of their sleep time in stage2. Next, sleep progresses to SWS characterized 

by very low frequencies such as Delta waves (0-4Hz), and high amplitudes. SWS 
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occupies 15-20% of NREM sleep. Approximately 60-90 minutes after falling asleep and 

the first SWS period, REM sleep stage makes its first appearance during the night. 

 

2.2.2 Rapid Eye Movement (REM) Sleep 
In healthy subjects, Rapid Eye Movement (REM) represents about 20-25% of the total 

sleep time. This binocularly symmetrical eye movement behavior was first discovered by 

Aserinsky and Kleitman when they observed that the EEG patterns taken during this 

sleep stage are similar to the ones observed in wakefulness and both respiratory and heart 

rates increased significantly (Aserinsky and Kleitman, 1953). REM sleep is characterized 

by low amplitude and mixed frequencies similar to stage1. When EMG reaches its lowest 

level, episodic rapid eye movements occur. REM sleep may also be further characterized 

as being tonic or phasic. Tonic REM sleep events are usually persistent while phasic 

REM events are intermittent. For instance, isolated rapid eye movements are usually 

found in tonic REM while clusters of rapid eye movement are most likely found in phasic 

REM. Similarly, atonia (decreased or absent muscle tone) occurs in most peripheral 

muscles during tonic REM while atonia accompanied with myoclonic (muscle) twitches 

occur in phasic REM. 

 

2.3 Types of Arousals 
The concept of arousals has a long history; however, the criteria and measures used to 

define arousals are still a controversial issues (Halasz, 2004). Many definitions have been 

used and/or modified over the years (Schieber et al., 1971; Halasz et al., 1979; Rees et al., 

1995; Terzano et al., 1985; Martin et al., 1997; AASM, 1992; Lofaso et al. 1998). Two 
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main types of arousal are defined in the current literature: cortical and autonomic 

arousals. Cortical arousals (CA) usually originate from the brain and are detected in the 

EEG. The submental EMG (chin) activity may or may not be used to detect them 

depending on which stage arousals occur.  Autonomic arousals are caused by changes in 

the autonomic nervous system. They appear during an isolated autonomic activation or 

with a respiratory event but without any cortical activation (EEG) (Martin et al. 1997). A 

third type of NREM arousals called microarousals (MA) emerged as part of the cyclic 

alternative pattern (CAP). In the CAP model, it has been hypothesized that arousals may 

take on the role of a normative phenomenon (specifically an oscillating phenomenon with 

an adaptive function) rather than as an indicator of pathology (measure of the degree of 

sleep disturbance). Hence, the concept of MA is quite controversial as there  is significant 

disagreement between the CAP and AASM approaches as to the fundamental role of MA 

in sleep. As Bonnet (2007) has stated, “the research in this area is at an early stage, and 

the significance of CAP is unclear”. Since this dissertation’s research is based on the 

AASM rules, MA will only be described for completeness but not accounted for in this 

work. 

 

2.3.1 Cortical Arousals 
Cortical arousals (CA) are arousals that activate the cerebral cortex and can be detected in 

EEG and/or submental EMG depending on the sleep stage during which they occur. CA 

results from neuron activations in the pons and may propagate to the cerebral cortex 

during sleep through the monoaminergic or cholinergic system and through both during 

wakefulness. Such arousals are associated with a shift in EEG frequency that causes an 
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increase of high frequency power in the power spectrum of an EEG channel. CA often 

lasts only a few seconds and do not necessarily lead to awakenings nor sleep stage shifts. 

However, when sufficiently high numbers of CA occur during sleep (quantified by AI 

values), it has been found to be associated with daytime sleepiness (Guilleminault at al., 

1993; Rosental et al., 1984). This association has been further confirmed by inducing CA 

by tones presented during sleep (Bonnet, 1985; Philip et al., 1994; Roehrs, 1994). 

 

2.3.2 Autonomic Arousals 
The major distinction between cortical and autonomic arousals is their effect on 

sleepiness. While cortical arousals are by definition correlated to sleepiness level by the 

AASM criteria, there has not been convincing evidence that autonomic arousals exhibit 

the same correlation especially when autonomic arousals are not associated with cortical 

arousals: that is, when they do not leave a signature in the cortex (Bonnet et al., 2007). 

Furthermore, autonomic arousals identified with heart rate and blood pressure may 

precede a shift of frequency in EEG (Bonnet and Arand, 1997), but not in all cases. 

Autonomic arousals are arousals strictly associated with sympathetic activation (versus 

parasympathetic) and systematically cause changes in heart rate and blood pressure 

(Pillar et al., 2002). This association has been well observed over the last fifteen years 

(Horner et al., 1995; Somers et al., 1993; Morgan et al., 1996; Hornyak et al., 1991; 

Schneider et al., 2000; and Launois et al., 2001). Sympathetic activation during 

autonomous arousals can be measured in several ways: linear analysis of RR intervals 

using electrocardiogram (the time elapsed between two consecutive R waves of a PQRST 
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complex in the electrocardiogram), changes in pulse transit time and pulse rate (PTT), 

and changes in peripheral arterial tonometry (PAT) (Pillar et al., 2002). 

Autonomic arousals associated with a change in the ECG are detected based on an 

increase in heart rate and a decrease in RR intervals. When correlated with cortical 

arousals, Basner at al. (2007) observed that the increase in heart rate occurs at a rate of 2 

to 3 heart beats prior to the EEG cortical arousal event. The duration of this heart rate 

increase is directly correlated with the length of the EEG cortical arousal: the longer the 

EEG cortical arousal, the longer the increase of the heart rate. 

 

Figure 6: Example of an increase of ECG, and decrease of RR interval occurring 2 to 3 beats prior to 
a cortical arousal detected through EEG. 

 

2.3.3 Micro Arousals 
MA were first introduced by Schieber in 1971 in his early work “phase d’activation 

transitoire” (PAT) designating phasic EEG events that were not associated with 

awakenings. In his model, he defined MA as an “increase in EEG frequencies in 

conjunction with decrease of amplitudes, disappearance of delta waves and spindles, 

transitory enhancement of muscle tone or phasic appearance of groups of muscle 

potentials, movements of the limbs or changes in body posture, transitory rise in heart 

rate” (Halasz, 2004). The duration of such events varied from a few seconds to more than 
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10 seconds. In the CAP model, it was suggested that NREM MA were not 

homogeneously distributed throughout the night. Rather, MAs appear more frequently 

during the ascending slopes of the CAP cycles, and their occurrence increases as morning 

approaches (Ferrillo et al., 1997; Terzano and Parrino 2000; Terzano et al., 2000). 

Alternatively and independently from the CAP model, other researchers began to redefine 

MA as well. Based on the AASM criteria (rule 3), the minimum arousal length is 3 

seconds in duration. According to the Rationale section of this criterion, the justification 

of this decision is more methodological than physiological (AASM, 1992). It has been 

found that detecting events shorter than 3 seconds is very difficult, and researchers 

focusing on such arousals sometimes characterize these shorter events as MA. As a result 

many researchers redefined such arousals differently than they would have had they 

employed the AASM definition that requires a minimum of 3 seconds in duration. For 

instance, Rees et al. (1995) proposed a definition of MA “as a frequency shift to waking 

alpha rhythm of [only] 1 s or longer”. The main modification of the original arousal 

definition thus resides in the duration (as short as one second) (Davies, et al., 1993). Such 

alternate definitions of micro arousals has resulted in their being shown to cause sleep 

fragmentation, which in turn produces daytime somnolence (Davies et al., 1997). 

Because of such definitions, MA are not considered in this study as they require wavelet 

theory for their analysis. However, interesting findings suggest that NREM MAs seem to 

be associated with an increase of relative power in the Delta band (Schenck, 1998; 

Guilleminault, 2001). 
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2.4 Cortical Arousal Detection using Linear Methods (Fourier analysis) 
The most common methods used to detect CA are based on linear analysis such as 

Fourier transforms, power spectrum density, and wavelet theory. The choice of these 

approaches is dictated by the AASM who defines arousals as “An abrupt shift in EEG 

frequency, which may include theta, alpha and/or frequencies greater than 16 Hz but not 

spindles.” The most powerful and well-established method to perform a detection based 

on frequency shift is to decompose the frequency distribution of the EEG signal using 

Fourier analysis. A preliminary study was performed by Drinnan et al. (1996) wherein he 

established a set of indices marking EEG changes accompanying arousals. The same 

year, relative powers in specific frequency bands were used to detect arousals 

(Huupponen et al., 1996). Since then, linear analysis approaches, such as Fourier 

decomposition and wavelets theory, have become the standard to analyze EEG for 

arousal detection.  

In this research, Fast Fourier transform (FFT), and power spectrum density (PSD) will be 

used to perform the frequency decomposition of the EEG channel. Wavelet theory is 

unnecessary because of the large data sample chosen (30 seconds times 125 Hz: 3750 

data points). A complete description of the Fast Fourier transform, power spectrum, and 

wavelet theory can be found in Appendix D, E, and F. 

 

2.5 Frequency Bands in EEG 
The use of frequency bands used in EEG spectral analysis originates with the work of 

Grey Walter (Grey Walter, 1953) and Regan (Regan, 1972) who were the first to define 

the frequency bands Delta (0-4Hz), Theta (4-8Hz), and Alpha (8-12Hz). They observed 

that spontaneous EEG was mainly composed of these three frequency bands. Since then, 
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higher frequencies have been investigated and the commonly established and used 

frequency ranges in sleep EEG analysis are shown in Table 1. 

 
Table 1: Frequency bands used when decomposing an EEG signal in the frequency domain. 

Frequency name Frequency range (Hz) 
Delta (δ) 0 – 4 
Theta (θ) 4 – 8 
Alpha (α) 8 – 12 
Sigma (σ) 12 – 16 
Beta1 (β1) 16 – 24 
Beta2 (β2) 24 – 32 
Gamma (γ) 32 – 48 

 
 

The frequency bands used for decomposing EEG range from 0 to 48 Hz. After obtaining 

the total PSD for each epoch, the relative power for each frequency band in percent may 

be calculated by taking the power value within each band multiplying it by one hundred 

and dividing it by the sum of the total power in all frequency bands, as follows: 
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Where RP  stands for the relative power; iP  refers to the power in each frequency band, 

and ∑
=

7

1i
iP  refers to the total power (sum of the powers in all frequency bands). This 

formula is then used for each frequency band. An example of this calculation for all 

frequency bands is illustrated in Table 2: 
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Table 2: Relative Power distribution in each frequency band for a SWS epoch. 

Frequency name Relative Power (%) 
Delta (δ) 84.78 
Theta (θ) 7.05 
Alpha (α) 5.18 
Sigma (σ) 1.62 
Beta1 (β1) 0.41 
Beta2 (β2) 0.14 
Gamma (γ) 0.04 

 
 
This example shows that in SWS, most of the power distribution resides in the lowest 

frequency band Delta of its PSD, which means that most of the periodic functions needed 

to reproduce this signal in the time domain have frequencies between 0 and 4 Hz 

(84.78%). In this example, what is known as the dominant frequency is found in the Delta 

band. Calculating RPs has many applications, and is commonly used to distinguish SWS 

sleep stages (Hornyak et al., 2005).  

 

2.6 Cortical Arousal Variability 
Trained human scorers can readily identify all five stages of sleep. CA, however, are not 

as easily identified. In order to score sleep stages accurately, collaboration between two 

or more professional sleep specialists is required. Furthermore, the experience of each 

human specialist is a key factor in accurate scoring. This situation is similar in CA 

detection and inconsistency between sleep scorers creates significant variability using the 

Cohen kappa statistical measure. Drinnan et al. (1998) quantified the variability in 

arousal detection between scorers. They showed that increased variability could be 

correlated to the sleep stage at which arousals occurred in subjects having respiratory 

sleep disorder. They reported the following results: best for slow wave sleep (Cohen 
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kappa of 0.6), moderate in REM stage (Cohen kappa of 0.52), and poor in stage1 and 

stage2 (Cohen kappa of 0.28)1. Another study conducted by Loredo et al. (1999) supports 

these results, and adds that CA detection improves when taking into account 

electromyogram activity but is still poor when attempting to detect arousals with a length 

less than three seconds.  

Some CA researchers have tried other methods as an alternative to frequency 

decomposition to detect CA. They reported that arousals leave signatures independent of 

the sleep architecture, and that their complexity (dimension complexity) is also 

independent of sleep stages (Rand, 1999). However, the most common method 

researchers have used to detect arousals is by applying a Fourier analysis to an 

electroencephalogram (EEG) signal rather than a non-linear analysis. Using this 

approach, a frequency decomposition is performed and an increase in power within 

specific frequency bands is observed when an arousal occurs. Arousals have often been 

associated with an increase of Alpha, Theta, and/or frequency bands higher than 16 Hz 

(Beta1, Beta2, and Gamma) (AASM, 1992). However, conflicting reports remain present 

regarding the optimum frequency bands necessary to detect CA events. Alpha, Beta1, and 

Beta2 bands were reported to be the best frequency bands for MI (Agarwal, 2005), and 

yet sensitivity and specificity were reported to fluctuate significantly between the three 

human scorers used in this study. Alpha bands, i.e., the slow Alpha (7.5-10.5 Hz) and fast 

Alpha (10.5-13 Hz), have also been investigated by Cantero et al. (1999) who suggest a 

refinement in the definition of established frequency bands such as Alpha and the 

establishment of new sub bands in order to attain the best results in detecting arousals. 

Another report from Asyali et al., suggests that the use of Alpha and Beta (Beta1 and 
                                                 
1 See Appendix G for the interpretation of the Cohen kappa measure. 
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Beta2) frequency bands combined are the “most effective criterions” in terms of 

identifying sleep arousals (Asyali et al., 2007). However, in another study, Brunner et al. 

(1996), report that the cortical (EEG) and myogenic (EMG) activity show the most 

differentiation in the Beta2 band when an arousal occurs.  These conflicting results 

suggest that a clarification of the optimum frequency band is necessary for arousal 

detection. To date, no study articulating sleep stage dependence in terms of frequency 

bands has been systematically conducted in the detection of arousals. 

 

2.7 Cortical Arousal Detection with Computers 
The automatic analysis of sleep stages has been successfully conducted for several 

decades using statistical pattern recognition. Overall agreement (defined as the number of 

epochs when both the human and computer scoring match, divided by the total number of 

epochs) was found to range between 80% and 89% (Martin et al., 1972; Hasan, 1983; 

Kuwahara et al., 1988). These results provide evidence that supports the use of a 

computer algorithm for sleep stage recognition. Agarwal (2005) focused on the increase 

of relative powers in both alpha and beta frequency ranges. Using three independent 

human scorers, Agarwal calculated both sensitivity and specificity values for all scorers 

with respect to the automated algorithm. Results showed high variability between scorers: 

the sensitivity and specificity ranged from 42.7% to 81.8% and 56.6% to 80.3% 

respectively2. However, data in the above study was limited: only 2 all-night PSG data 

were used in this research. De Carli et al. (1999) developed an automated arousal scoring 

system based on wavelets and a set of indices (i.e., zero-crossing, delta crossing, etc.) 

using both EEG and EMG on 11 overnight recordings of subjects with severe pathologies 
                                                 
2 See Appendix H for the definition of sensitivity and specificity. 
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(ranging from breathing disorders to narcolepsy). They reported that when the automatic 

detection was followed by an expert’s validation, the sensitivity and selectivity3 was 

found to be 88.1% and 74.5% respectively. However, their analysis did not take into 

consideration the sleep stages in which they occurred. Computerized analysis also based 

on ECG for the automatic identification of arousals has also only been used to identify 

autonomic activations (Basner et al., 2007). Basner confirmed that the longer the arousal 

length (longer than 10 seconds), the easier it is to detect. Even though using ECG sounds 

promising, the current version of their algorithm “cannot replace visual EEG arousal 

scoring” (Basner et al., 2007). Currently, no studies have been conducted using computer 

automated detection that considers sleep stage as a possible factor affecting the detection 

of cortical arousals while performing a frequency analysis of sleep EEG across the whole 

spectrum (from 0 to 48Hz). 

 

2.8 Cortical Arousal Detection Evaluation 
The standard methods used to evaluate the reliability of cortical arousal detection are 

based on three statistical parameters known as specificity, sensitivity, and the related 

Cohen kappa (described in detail in Appendix G and H). The validity of each of the three 

statistical parameters is in turn determined by the disagreement between two scorers (see 

Table 3). In this study, the sleep specialist is considered to be the reference and the 

computer is the second scorer. In Table 3, “Human” refers to the human scorer while 

“Computer” refers to the scoring obtained from the computer. 

                                                 
3 defined at true positive divided by the sum of true positive and false positive 
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Table 3: If the scoring established by human scorers states that an arousal is present in an epoch 
while the computer scoring does not detect the present of an arousal, the outcome is a False negative 

(FN). 
Outcomes Human Computer 
TN: True Negative 0 0 
FP: False Positive 0 1 
FN: False Negative 1 0 
TP: True Positive 1 1 

 

True Positive refers to the case when both human and computer scoring agree on the 

presence of an arousal in a given epoch. False positive represents when only the 

computer marks an epoch as containing an arousal, and conversely a False Negative is 

when only the human scorers mark an epoch as containing an arousal. True Negative is 

when neither the human scorers nor the computer detects an arousal in the epoch. 
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3 Methods 
 

3.1 Sleep Heart Health Study (SHHS) 
PSG recordings used in this research were obtained from the Sleep Heart Health Study 

(SHHS) database. An Institution Review Board (IRB) approval was obtained from the 

University of Hawai‘i at Mānoa prior to begining this research (CHS: #16243). The data 

was recorded using an unattended, home-based polysomnography (PSG) setting (Redline 

et al., 1998). The EEG data was scored by sleep professionals for both sleep stages and 

arousal events based on the data processing and scoring procedures established by SHHS 

(Whitney et al., 1998). The sleep stages 1, 2, 3, 4, and REM were identified for all 30-

second epochs using Rechtschaffen and Kales criteria (1968), and the arousal scoring was 

determined based on the American Academy of Sleep Medicine guidelines (1992). The 

purpose of the Sleep Heart Health Study (SHHS) is to study “obstructive sleep apnea 

(OSA) and other sleep-disordered breathing (SDB) as risks factors for the development of 

cardiovascular disease” (Quan, 1997). During three consecutive years (from 1995 to 

1998), 6,600 adult subjects 40 years and older were invited to participate in the SHHS 

study. The goal of this study was to investigate the reliability of measurements obtained 

from unattended and in-home PSG compared to those obtained in a clinical setting. All 

participants agreed to undergo an unattended PSG study at home. The measured PSG 

were processed and scored at the Reading Center in Cleveland, Ohio (Whitney et al., 

1998). 
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3.2 SHHS Data Collection protocol 
Ninety-nine subjects from the Sleep Heart Health Study (SHHS) were examined. The 

recording montage for these subjects included two EEG channels (C3/A2 and C4/A1), 

two electrooculograms (EOG), a bipolar submental electromyogram (EMG), thoracic and 

abdominal excursions, airflow, oximeter, electrocardiogram (ECG) as well as heart rate, 

body position, and ambient light (Quan et al., 1997; and Whitney et al., 1998). The 

Compumedics Safiro Sleep monitoring system was used to perform and Profusion PSG2 

software used to visualize all the PSG measurements. All signals were processed by a 

high and low pass digital filter (EEG HP/LP: 0.3 Hz/70Hz, EMG HP/LP: 10 Hz/100Hz). 

The data collection was performed in four stages: At an initial visit, an in-clinic visit 

(start of a sleep diary), an in-home PSG visit, and over a period of 5 to 120 days of 

actigraphy measurements.  All data were examined and scored by the SHHS professional 

scorers based on their quality (good, very good, excellent). The scoring was performed in 

two phases. In phase I the EEG, EMG, and EOG signals of each subject was reviewed 

based on 30-second epochs to score sleep stage and arousal events. In phase II, 

respiratory data was used to mark artifact and respiratory events. The channels used for 

this research were one EEG (C3/A2) and one EMG. The frequency acquisition for both 

EEG and EMG channels was 125 Hz. The criteria used to select the subjects for this 

research are described below: 
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3.3 Subjects 
The subjects used in this study were selected as follow: 

• Age: between 40 and 90 years old (average: 70.4±13.5) 
• Asthma: No 
• BMI: larger than 18.5 and less than 30 
• Chronic  Bronchitis: No 
• Chronic Obstructive Pulmonary disease (COPD): No 
• Diabetes: No 
• Emphysema: No 
• Hypertension: No 
• Obstructive Sleep Apnea: No 
• Overall Study Quality Grade: Excellent or Outstanding 
• Stroke: No 
• Gender: 47 males, 53 females 
• A minimum of 5 hours of both EEG and EMG signals were recorded  

 
 
 

3.4 Data Selection for dissertation study 
From the ninety-nine data sets obtained and examined from the SHHS database, subjects 

were selected based on a minimum requirement of having at least two epochs occurring 

in the sleep stage under analysis with a further criteria of at least one of these epochs 

containing an arousal and one epoch not containing an arousal. For instance, subjects 

selected for stage1 analysis, must have had at least two epochs in stage1: one 30-second 

epoch containing an arousal, and another 30-second epoch free of arousal. The following 

Table summarizes the number of subjects selected for each sleep stage. 
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Table 4: Summary of subject, epochs, and epochs containing arousals selected and analyzed for the 
analysis. 

Sleep Stage 
 

Number of 
Subjects selected 

Number of 
epochs analyzed 

Number of 
epochs containing arousals 

Stage1 61 2936 1165 
Stage2 62 27386 6370 
Stage3 49 6001 261 
Stage4 3 265 8 
Stage REM 61 9077 1498 

 

3.5 Signal Quality 
The quality of all recorded channels has been graded by SHHS in order to ensure a 

minimum duration of artifact-free signals. Based on their grading criteria (Redline, et al., 

1998), and the requirements of this study (required use of both EMG and EEG channels), 

only the subjects whose recordings were graded as “Outstanding” and “Excellent” were 

selected: all channels were scored as reliable for at least 5 hours, including at least one 

EEG and one EMG channel. Poorer quality recordings were not retained or used for this 

study (“Very Good”, “Good”, “Fair”, “Poor”, and “Unsatisfactory”) as they did not 

provide a reliable EEG and EMG channel (satisfactory quality for a continuous five hours 

of recording). 

 

3.6 Data Manipulation 
For each subject whose data was obtained from the SHHS two files were obtained. One 

file contained the PSG data formatted in European Data Format (EDF). The other file 

was formatted in Extensible Markup Language (XML) and contained the arousal scoring.  

This second file was converted from EDF into ASCII format for analysis. The software 

used to perform this task was edf2ascii a free software developed and written by Teunis 
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van Beelen (Beelen, 2007). Once the 500MB ASCII formatted file was obtained from 

efd2ascii, it was processed through a perl script (using awk) to extract the EEG and EMG 

channels and create consecutive 30-second epochs. The XML file was analyzed through a 

Multiuser Object Oriented (MOO) script to identify and extract all arousal events. These 

arousals were identified by their length with two tag delimiters: a starting and an ending 

value. The script compared the duration of these events and marked the 30-second epochs 

in which they occurred.  If the arousal event overlapped on the adjacent epochs by more 

than 3 seconds, they would also be scored as containing an arousal per the AASM rules 

(See appendix A). A total of 99 EDF and XML files were downloaded and manipulated 

for arousal identification. 

 

3.7 Data Analysis 

3.7.1 Data Analysis Software 
The software used in this research was programmed and written by the author of this 

dissertation. The data analysis was performed using five computer systems running Linux 

(kernel 2.6) as the operating system. MOO (v1.8.1) was used as the primary language 

(Curtis and White, 1993) to orchestrate all the sub-processes:  

 

1.   Time Series Analysis (TISEAN) v2.1 package (spectrum) developed by 
      Hegger, Kants, and Schreiber (1999).  
2.   Perl (White, 1987) v5.8.8. 
3.   LaTeX (Lamport, 1985) v3.14. 
4.   GnuPlot (Williams and Kelley, 1986) v4.2. 
5.   Awk (Aho et al., 1977).  
6.   Bash scripts (Unix Shell). 
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All the codes (approx. 5,600 lines) used to perform the automatic detection were written 

in MOO and Perl languages (see Appendix C). 

 

3.7.2 Cortical Arousals Detection dependencies 
The Automatic Arousal Detection Algorithm (A2DA) written for this study considers the 

EEG frequency band (ω ) as specified in the AASM rules. Furthermore, the algorithm 

includes sleep stage dependencies ( s ) and two parameters used in the analysis of the 

EEG ( n ) and EMG ( m ) data as thresholds to identify when an increase in the relative 

power of a frequency band occurs. This automatic arousal detection algorithm can be 

modeled as:  

 

A2DA = f(ω , s , n , m ) 

 

All frequency ranges described in Table 1 (section 2.5 Frequency Bands in EEG) are 

used in this study. Traditional frequency bands were defined as: δ (Delta: 0-4 Hz), θ 

(Theta: 4-8 Hz), α (Alpha: 8-12 Hz), σ (Sigma: 12-16 Hz), β1 (Beta1: 16-24 Hz), β2 

(Beta2: 24-32 Hz), and γ (Gamma: 32-48 Hz). 

 

3.7.3 Combination of EEG frequency bands 
The AASM rules state that "An EEG arousal is an abrupt shift in EEG frequency, which 

may include theta, alpha and/or frequencies greater than 16 Hz but not spindles” (AASM, 

1992), which suggests two important aspects. First, the signature left by the presence of 

an arousal in an epoch is most likely to be found in higher frequency bands. Second, the 
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“and/or” indicates that a shift may occur in one band (Alpha for instance) but also in a 

combination of several bands (Alpha and Beta). Therefore, this study considered all 

frequency bands: Alpha, Theta, Alpha, Sigma, Beta1, Beta2, and Gamma (even the 

lowest, such as Delta and Theta, for completeness), but also considered all combinations 

of these bands (Theta and Gamma, Sigma and Alpha, Gamma, Sigma, and Beta1 etc.). 

For instance, an arousal may cause an increase of relative power in the Theta or Alpha 

bands as well as in Theta and Alpha bands combined. The algorithm, therefore, extended 

the analysis to all possible additions of the accepted 7 frequency bands. The number and 

possible combinations were obtained from the following permutation formula: 

 

)!(
!
pr

rP
−

=  

 

Where r  is the number of elements available for selection (7 frequency bands), and p  is 

the number of elements to be selected: 1, 2, 3,..,7. Since the order of the elements is 

irrelevant, the above formula was in turn divided by p factorial ( !p ), and the sum was 

computed for all values of p  as follows: 
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Based on the above formula, the number of possible combinations using the 7 well-

established physiologically significant frequency bands was found to be 126. The list of 

these combinations can be found in Appendix B. The detection mechanism when 
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combining frequency bands was designed based on the OR statement (Table 9). This 

implies that the shift in EEG frequency may occur in any single frequency band or a 

combination of them. In case of an arousal present in an epoch, there are two options in 

terms of outcome to the algorithm test: True Positive or False Negative. If there is at least 

one True Positive for any of the used frequency bands, the epoch was marked True 

Positive for the combined bands. If the scoring was False Negative for all used bands, 

False Negative was assigned to all combined bands. In the case of an arousal not present 

in an epoch, the two possible outcomes of the algorithm are: True Negative and False 

Positive. If there was at least one False Positive in any of the used frequency bands, False 

Positive was assigned to the combined bands. If all combined frequency were scored as 

True Negative, True Negative was assigned.  

 

Table 5: When an arousal is present, FN is associated with 0 and TP with 1; when no arousal is 
present, TN is associated with 0 and FP with 1. 

Truth Table for the OR Operator 
Arousal Present 

Engineering use Analogous use using TP/FN 
0 0 0 FN FN FN 
0 1 1 FN TP TP 
1 0 1 TP FN TP 
1 1 1 TP TP TP 

Arousal Not Present 
Engineering use Analogous use using FP/TN 
0 0 0 TN TN TN 
0 1 1 TN FP FP 
1 0 1 FP TN FP 
1 1 1 FP FP FP 

 

Combining frequency bands, therefore, tends to increase the number of True Positive 

(increasing the sensitivity), but in turn increases the number of False Positive, which 

decreases the specificity.  
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3.7.4 Use of EEG in Cortical Arousals Detection 
Since the exact frequency bands are not clearly specified in the AASM definition, and 

based on the results of various reports published that suggest a power increase in different 

frequency bands, all frequency bands and their combinations were tested rigorously and 

monitored in this research. If a shift towards higher frequency occurs when a CA is 

present, it is expected that an increase in the relative power bands of high frequency 

should be seen in the PSD. Figure 7 illustrates an example of such an increase in the 

PSD. The black frequency power distribution represents an epoch free of CA. When an 

arousal occurs in the same epoch, the dominant frequency shifts towards higher values. 

This causes the relative power of higher frequency bands to increase. 

 

 

Figure 7: Shift of relative power towards high frequency ranges (from A to B) when CA is present in 
an arousal when transforming the EEG signal of a 30-second epoch in the frequency domain. 

 

It is not possible to obtain the frequency distribution of an epoch without CA (distribution 

A in Figure 7) when an actual CA is present. Instead, the shifted distribution (distribution 

B in Figure 7) is extracted from the frequency decomposition. This implies that a 
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reference must be established in order to perform a comparison between the two 

distributions. The reference distribution is obtained based on the following steps: 

 

1. Obtain the relative powers for all epochs in each stage. 

2. Take the average and the standard deviation of all relative powers 

 

The averages obtained in step 2 were used to obtain the reference distribution A. The 

relative powers of each epoch (distribution B) were then compared one at the time to the 

reference distribution (see Table 6 below). This average baseline was necessary so that 

any deviation from it can be used to identify the occurrence of an arousal. Furthermore, 

the baseline must be established for each sleep stage as the magnitude of the increase 

might be different for different stages. Details of this procedure are described as follows: 

First, all epochs were grouped according to their sleep stage scoring. Five sets of epochs 

were created (1,2,3,4, and REM). For each set, each frequency band was, in turn, grouped 

together. For instance, the relative power values of all the Delta bands for all stage1 

epochs represent one set. Since there are 5 sleep stages and 126 frequency bands, 630 sets 

were created. For each set, the statistical mean of the data set as well as the standard 

deviation were computed based on the following definition:  
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The above steps are illustrated below: 

 

Figure 8: Creation of the 630 sets. 
 

A new tabulation of results containing the average ω,sRP  and the standard deviation 

ω,sRP∆  values was then obtained for each sleep stage s  and each frequency bandω . 

These computed values represent the baseline values that are used to compare the relative 

power of individual epochs. The next step was to use the statistical mean as the new base 

and a multiple n  of the standard deviation as the limit used for the detection mechanism. 

If an arousal is present, it is expected that the power increases. The longer the arousal, the 

more significant the increase is. K complexes and spindles are too short to noticeably 

affect the increase and were therefore not considered. If the increase is significantly 
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different from the mean, an arousal might be present. Hence, the following rule was 

applied for each frequency band and sleep stage for all 30-second epochs: 

 

Table 6: EEG rules used by A2DA 

For each ω,sRP  value, if wsss RPnRPRP ,,, *∆+> ωω  then the epoch is 

marked as containing an arousal. 

For each ω,sRP  value, if wsss RPnRPRP ,,, *∆+≤ ωω  then the epoch is 

marked as not containing an arousal 

 

Where n  is the parameter value ranging from 0.02 to 5.0 by increments of 0.02. The 

parameter n  represents a multiple of the standard deviation in an EEG analysis. All 250 

values were used for each frequency band, sleep stage, and each 30-second epoch ω,sRP . 

All values ω,sRP  were tested against the above rules for all data sets using the average 

ω,sRP  and standard deviation ω,sRP∆  values.  

The following convention was used to score the outcome of the test. If the power value 

ω,sRP  is outside the range wss RPnRP ,, *∆+ω , and there is indeed an arousal present in 

this epoch as marked by human scorers, a TP mark is assigned to that epoch; if ω,sRP  is 

outside the range wss RPnRP ,, *∆+ω , and there is no arousal marked by human scorers in 

this epoch, a FP mark is assigned to that epoch; if ω,sRP  is within the range 

wss RPnRP ,, *∆+ω , but there is an arousal marker by human scorers in this epoch, a FN 

mark is assigned to that epoch; finally, if ω,sRP  is inside the range wss RPnRP ,, *∆+ω , 
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and there is no arousal marked by human scorers in this epoch, a TN mark is assigned to 

that epoch. 

The above rules are summarized below: 

 

Table 7: EEG complete rules to score epochs 

If TP
scorershumanbymarkedpresentArousal

and
RPnRPRP sss

⇒






 ∆+> ωωω ,,, *
 

If FP
scorershumanbymarkedpresentArousalNo

and
RPnRPRP sss

⇒






 ∆+> ωωω ,,, *
 

If FN
scorershumanbymarkedpresentArousal

and
RPnRPRP sss

⇒






 ∆+≤ ωωω ,,, *
 

If TN
scorershumanbymarkedpresentArousalNo

and
RPnRPRP sss

⇒






 ∆+≤ ωωω ,,, *
 

 
 
Using stage REM and Gamma (γ) frequency band as an example, this automated process 

programmed in the A2DA is shown in Figure 9. 

 



 37 

 

Figure 9: Power values of stage REM in the Gamma frequency band, plotted with their mean value 
(lower horizontal line) with 2*ΔRP (middle horizontal line), and with 4*ΔRP (upper horizontal line). 

The value of n causes the horizontal threshold line to move vertically on the graph, and affects the 
number of CA detected. 

 

All epochs whose relative power value in a specified frequency band were found to be 

above the upper horizontal line set as the average plus a multiple n  of the standard 

deviation were scored as containing an arousal. The value of the horizontal line is 

obtained by wss RPnRP ,, *∆+ω . In the example shown in Figure 9, three epochs would 

satisfy this criterion (for two selected values of the n  parameter). Following this step, the 

human scorers’ marking was consulted to check whether an arousal c. For these three 

values, either a TP or a FP would be assigned.  
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3.7.5 Use of EMG in Cortical Arousals Detection 
The AASM rules state that "Arousals in NREM sleep may occur without concurrent 

increases in submental EMG amplitude” and “Arousals are scored in REM sleep only 

when concurrent increases in submental EMG amplitude” (AASM, 1992). These rules 

were incorporated to the A2DA designed for this research employing the same technique 

used in EEG with the exception of the addition of the EMG data in the time domain 

rather than the frequency domain since the amplitude of the signal (not the frequency) is 

involved. 

The standard deviations A∆  of the EMG amplitudes of all epochs were computed for all 

sleep stages followed by their averages A∆ . When the algorithm processed its scoring 

using EEG, it also checked using the EMG whether the standard deviation of the 

amplitude values A∆  in that epoch was larger than a multiple m  times the mean of the 

standard deviation A∆  for all epochs in that stage: 

 

Table 8: EMG rules 

For each A∆  value, if AmA ∆>∆ *  then an arousal present is confirmed. 

For each A∆  value, if AmA ∆≤∆ *  then an arousal not present is confirmed. 

 

The value of the parameter m  was incremented from 0.2 to 3.0 by an increment of 0.2. 

Contrary to the AASM rules, a significant difference in the A2DA algorithm remains. 

While there must be an additional increase in submental EMG amplitude during REM 

stages, in NREM stages, such additional increase in submental EMG amplitude occur 

only some of the time. In the A2DA in this research, however, the possible increase in 

submental EMG amplitudes for NREM stages was first satisfied and then modified as a 
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necessary increase. This difference is expressed by the use of AND rather than the OR 

statement in our algorithm. These operators are defined with the use of truth tables 

defined as: 

 
Table 9: Truth table of the AND and OR operators 

X Y X AND Y  X Y X OR Y 
0 0 0  0 0 0 
0 1 0  0 1 1 
1 0 0  1 0 1 
1 1 1  1 1 1 

 

For NREM stages, the OR statement was first used. If AmA ∆>∆ *  was verified all 

False Negative and True Negative have been changed to True Positive and False Positive 

respectively. If AmA ∆≤∆ *  was verified, no changes were made in the scoring due to 

EMG. For REM stages, the AND statement was used. If AmA ∆>∆ *  was verified no 

changes were made in the scoring due to EMG. If AmA ∆≤∆ *  was verified, all True 

Positive and False Positive have been changed to False Negative and True Negative 

respectively. 

Table 10 provides a summary of these rules: 
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Table 10: The OR statement was used for NREM stages while the AND statement was used for REM 

stages according to the AASM rules. 
 

If AmA ∆>∆ *  

NREM REM  

True Positive   =>  True Positive True Positive   => True Positive 

False Negative => True Positive False Negative => False Negative 

False Positive   => False Positive False Positive   => False Positive 

True Negative  => False Positive True Negative  => True Negative   

If AmA ∆≤∆ *  

NREM REM 

True Positive   => True Positive True Positive   => False Negative 

False Negative => False Negative False Negative => False Negative 

False Positive   => False Positive False Positive   => True Negative   

True Negative  => True Negative   True Negative  => True Negative   

 

Furthermore, the A2DA was extended to consider the possibility that sleep stages 1, 2, 3, 

and 4 might also require the submental activity for CA detection. Hence, the AND 

statement was also tested for NREM sleep stages. 

Similar to the parameter n , m  represents a multiple of the standard deviation but, in this 

case, when analysis EMG amplitudes. Hence, the above algorithm was repeated 15 times. 

The optimum value of m  was obtained based on the maximum value of the Cohen kappa 

(the exact same way the n  parameter was chosen).  
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3.7.6 Automatic Arousal Detection Algorithm 
For a single subject, A2DA used the following procedural method for CA detection: 

 

1) Created all the 30-second epoch files based on both EEG and EMG data. 

2) Computed the power spectrum for all the EEG 30-second epochs. 

3) Computed the relative power ( RP ) for all frequency bands (and their 

combinations) for all EEG 30-second epochs in each sleep stage (1,2,3,4, and 

REM). 

4) Computed the mean value and the standard deviation of the relative powers in all 

frequency bands as well as their combinations, for all EEG 30-second epochs and 

for each sleep stage. 

5) Computed the mean value of the standard deviation of the amplitudes for all EMG 

30-second epochs in all sleep stages. 

6) Scanned all EEG epochs and identified a significant increase in the relative power 

( ω,sRP ) of each frequency band with respect to the average value ( ω,sRP ) and the 

standard deviation of the relative power ( wsRP ,∆ ) calculated in 3) and 4). The 

significant increase was identified when wsss RPnRPRP ,,, *∆+> ωω  (see Figure 

10).  

7) Scanned all EMG epochs and identify a significant increase in the standard 

deviation of the magnitude ( A∆ ) with respect to the average value of the standard 

deviation ( A∆ ) calculated in 5). The significant increase was identified when 

AmA ∆>∆ * .  
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8) The EMG was used as an AND and OR statement in addition to the EEG analysis 

(see Table 10). 

9) Computed the Cohen kappa, sensitivity, and specificity based on the final scoring 

of all epochs: TP, TN, FP, FN for each value of the n  (EEG) and m  (EMG) 

parameters. 

10)  Plotted the Cohen kappa, sensitivity, and specificity as a function of n  for all 

frequency bands, sleep stages, and m  values. 

 

A graphical organigram summarizes the above steps: 
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Figure 10: Organigram of the A2DA  
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4 Results 
 
 
Based on the methodology described in the previous section, all 30-second epochs were 

created and scored with and without arousals based on the information of the xml file 

provided for each subject by the SHHS database. Using the EEG data, a frequency 

decomposition (PSD) was performed and the relative power was computed for all 126 

frequencies and their combination. All relative powers of each frequency and each epoch 

were grouped together per sleep stage, and their average and standard deviation were 

calculated. Then each 30-second epoch was scanned again and the standard deviation of 

each of all their relative powers was compared to the standard deviation of the average 

for that particular sleep stage using the n  parameter. Based on this comparison, a TP, FP, 

TN, and FN scorings were assigned to each relative power value in all epochs, which 

were followed by the computation of the Cohen kappa, sensitivity and specificity 

statistical measures. Similar procedure was also performed on the amplitudes of the EMG 

channel and was added to the algorithm for REM stages (in agreement to the AASM 

rules). The submental activity was then added to all other sleep stages. For each subject, a 

total of 1890 (126*5*3) graphs (Cohen kappa vs n , sensitivity vs n , and specificity vs 

n ) were obtained. 

The results were then aggregated for all subjects. This procedure was repeated 15 times 

for all values of m (the EMG parameters). Hence, a total of 28,350 graphs were analyzed. 

4.1 Identification of the optimum n  and m  parameters 
The Cohen kappa graphs for the 126 frequency combination were first analyzed in order 

to identify the higher Cohen kappa value. The specificity and sensitivity were then 
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selected with the value of n  for which the Cohen kappa was the highest. If the function 

of the Cohen kappa vs n  did not show a singled maximum value, but spans over several 

n  values (plateau), the smallest value of n  was selected. Indeed, the A2DA algorithm is 

primarily focused on detecting arousals when they occur in an epoch more than detecting 

accurately the non presence of arousal in epochs. That is, the sensitivity was considered 

more important than the specificity since the amount of epochs containing arousals is 

significantly less than the amount of epochs not containing arousals. Based on Table 4 

39% of stage 1 epochs contains arousal, 23% in stage 2, 4% in stage 3, 4% in stage4, and 

16% in REM stage). The optimum frequency band was selected based on the inspection 

of the highest value of the Cohen kappa first, followed by the inspection of the 

sensitivity, and last the inspection of the specificity. Indeed, the behavior of the 

sensitivity graphs is always complementary to the specificity one. As the sensitivity is 

high, the specificity is low (and vice versa) as shown in the Figures below. 
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Figure 11: Sensitivity as a function of n for the Beta1 band in stage 2. As the n parameter increases, 
the sensitivity decreases. Indeed, the higher the n, the most amount of FN are present.    

 

 

Figure 12: Specificity as a function of n for the Beta1 band in stage 2. As n increases the number of 
TN increases as well. Since TN is the only factor in the numerator, the increase is usually faster than 

the decrease of the sensitivity. 
 

 

The sensitivity is high when the n parameter is low. Indeed, if n is low, most epochs will 

be above the threshold established by the n parameters, and most epochs will be scored as 

TP, which in turn increases the sensitivity. Similarly, since most epochs are above the 
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threshold, the number of epochs below it are very small as n is small, which causes most 

of the TN scoring to be very low, and consequently decreases the specificity. Therefore, 

the Cohen kappa was analyzed first to obtain the optimum value for both sensitivity and 

specificity. Many frequency bands were adequate based on the inspection of the Cohen 

kappa only. In all cases, the number of frequency bands was reduced when considering 

the sensitivity graphs, and reduced again to one optimum band when the specificity 

analysis was added. 

4.2 Identification of Cortical Arousal in Sleep Stages based on the AASM rules 
In agreement with the AASM rules, the first stage of this analysis included the submental 

activity for REM sleep stage only. Table 11 shows the results for the optimum values of 

n , m  and the corresponding maximum values of the Cohen kappa, sensitivity and 

specificity: 

 

Table 11: Summary of results for the Cohen kappa, sensitivity, specificity, n  and m  parameters for 
all sleep stages based on the exact AASM rules. The frequency bands is different for all sleep stages; 
there is a fair agreement in all stages except stage 1 (Cohen kappa); the sensitivity is poor (less than 

63%) in all stages and the specificity is good for all stages except stage 1.  
Stage Frequency Band Cohen kappa Sensitivity Specificity n  m  
Stage 1 Beta1  0.16±0.025 63±3% 56±2% 0.14 1.2 
Stage 2 Beta1 0.35±0.025 61±3% 81±1% 1.54 1.2 

Stage 3 Beta1, Beta2 and 
Gamma 0.50±0.050 52±5% 98±1% 3.76 2.4 

Stage 4 Delta 0.35±0.260 44±30% 96±3% 2.6 2.4 

Stage REM Delta, Alpha, Beta1, 
and Gamma 0.48±0.030 58±3% 93±1% 0.54 1.2 

  

It is clear that the frequency bands that need to be monitored for a shift towards higher 

frequencies are dependent of sleep stages. Except from stage 1 and stage 2 whose band is 

Beta1, the optimum frequency bands for stage 3, stage 4 and stage REM are different 

(Beta1, Beta2, and Gamma in stage 3, Delta in stage 4, and Delta, Alpha, Beta1, and 
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Gamma in stage REM). Stage 1 is the less satisfactory stage. The Cohen kappa shows a 

poor or slight agreement, but the sensitivity is the highest. 63% of the epochs containing 

an arousal have been identified as such. However, the specificity is the lowest of all 

stages: only 56% of the epochs not containing arousals have been identified successfully. 

There is a fair agreement for Stage 2 and 4 and a moderate agreement for stage 3 and 

REM based on the Cohen kappa. The sensitivity for stage 2 and REM is comparable 

(61%, and 58% of the epochs containing arousals have been identified successfully) but 

lower for SWS (44%, and 52%). The ability to detect non presence of arousals in epochs 

is high in SWS and REM stages (above 90%), but lower in stage 2 (81%). 

 

4.2 Identification of Cortical Arousal in Sleep Stages based on modified rules 
In order to improve the Cohen kappa results, the submental activity was also used in 

NREM stages in addition to the REM stage. That is, the AND statement was used in 

replacement of the OR statement in the algorithm as described in section 3.7.5 for all 

NREM stages. The results of this modification are summarized in the following Table. 

 

Table 12: Summary of results for the Cohen kappa, sensitivity, specificity, n  and m  parameters for 
all sleep stages based modified rules. The frequency bands is different for all sleep stages and differ 
from the ones when the submental activity is not used; there is a fair agreement in stage 1 and stage 

2, a moderate agreement in stage 3, and a good agreement in stage 4 (Cohen kappa); the sensitivity is 
still poor (less than 59%) in stage 1 and stage 2, but increases in stage 3 and stage 4; the specificity is 

good for all stages except stage 1. 
Stage Frequency Band Cohen kappa Sensitivity Specificity n  m  

Stage 1 Delta, Sigma, Beta1, 
and Gamma 0.22±0.025 59±3% 66±2% 0.46 0.8 

Stage 2 Beta1 and Gamma 0.34±0.025 47±2% 87±1% 0.02 1.0 
Stage 3 Beta2 and Gamma 0.48±0.050 60±5% 96±1% 0.34 1.2 
Stage 4 Beta1 0.73±0.170 73±15% 98±2% 1.1 1.4 
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It is clear that the frequency bands that need to be monitored for a shift towards higher 

frequencies are still dependent of sleep stages. However, when considering submental 

activities these ranges shifted as well: in stage 1, Beta1 shifted to Delta, Sigma, Beta1, 

and Gamma; in stage 2, Beta1, shifted towards Beta1 and Gamma; in stage 3, Beta1, 

Beta2, and Gamma reduced to Beta2 and Gamma; in stage 4 Delta was replaced by 

Beta1. In order to compare the improvement between not using and using submental 

activities in NREM stages, Figure 13, Figure 14, and Figure 15 are provided below. 

 

Comparison of Cohen kappa
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Figure 13: Comparison of Cohen kappa without and with EMG. When EMG activity is included the 
Cohen kappa for stage 2 and stage 3 are only slightly affected, it increases in stage 1, and doubles in 

stage 4. 
 

The inclusion of the submental activity in the A2DA algorithm improved greatly the 

Cohen kappa in stage 4, a little in stage 1, but did not make much of a difference in stage 

2 and stage 3. 
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Comparison of Sensitivity
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Figure 14: Comparison of sensitivity without and with EMG. The sensitivity decreases in stage 2, 
remains unchanged in stage 1, and increases dramatically in stage 3 and stage 4 when submental 

activity is included. 
 

When the submental activity was included in the A2DA algorithm the sensitivity also 

increased in stage 4, and in stage 3, did not make much of a difference in stage 1, but 

decreased in stage 2. 
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Comparison of Specificity
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Figure 15: Comparison of specificity without and with EMG. Being already high in stage 3 and stage 
4, the specificity remains unchanged; however, it increases in both stage 1, and stage 2 when 

submental activity is considered in the A2DA. 
 

As far of the specificity, the addition of the submental activity in the A2DA algorithm 

caused improvement in stage 1 and 2 but did not make much of a difference in SWS 

(which were already high). 

So in summary, when the EMG activity is considered, the ability to detect the non 

presence of arousals in epochs was improved in stage 1 and 2, the ability to detect the 

presence of arousals in epochs increased in SWS but decreased in stage 1 and 2. The 

Cohen kappa was slightly improved in stage 1, but greatly improved in stage 4. 

In order to improve even further the results, other factors such as gender, age, and Body 

Mass Index (BMI) were investigated. 
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4.3 Improvement of CA detection using BMI 
No statistical changes were present with respect to gender and age. However, all sleep 

stages except sleep stage4 (N=3), subjects were separated by BMI values. All subjects of 

BMI between 18.5 and 25 (low BMI) were grouped together and separated from subjects 

whose BMI was between 25 and 30 (high BMI). The same cumulative analysis was 

performed on these two groups using both the OR and the AND statement and respecting 

the same n and m values for each sleep stage. An independent samples t-test was 

performed between the two conditions (18.5 ≤ BMI < 25 and 25 ≤ BMI < 30) with a 

confidence interval of 95% (α=0.05). 

 

Table 13: Comparison study between low and high BMI for the OR statement. The upper values 
refer to BMI between 18.5 and 25; the lower values refer to BMI between 25 and 30. No significant 

changes are found (except for the sensitivity in stage 1); however all statistical measure increase 
except for the specificity of stage 1 (and stage 2, which remains unchanged). 

  
 

Based on Table 13, there is no significant changes in the Cohen kappa and the specificity 

values between low and high BMI (p>0.05 for all cases). However, the sensitivity (ability 

to detect an arousal when present in a 30-second epochs) is significantly improved in 

sleep stage1 (p=0.023). It is also worth noting that all sensitivity and Cohen kappa values 

increase as the BMI increase. 
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Table 14: Comparison study between low and high BMI for the AND statement. The upper values 
refer to BMI between 18.5 and 25; the lower values refer to BMI between 25 and 30. Even though no 
statistical different has been found (except for the sensitivity and specificity in stage 3), all statistical 

measures increase (except for stage 3, which is still above 94%). 

 

 

Based on Table 14, there is no significant difference in any of the statistical measures 

used in this study: Cohen kappa, sensitivity, and specificity except for sleep stage3 

(sensitivity and specificity). However, except for the specificity of stage3, there is an 

overall increase in the Cohen kappa, the sensitivity, and the specificity values for almost 

all sleep stages. This trend is even stronger than when the OR statement is used, and 

should be considered. 
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5 Discussion 
 
 
The results of this study suggest a refinement of the AASM rules in terms of the 

frequency bands that should be used for cortical arousal detection. Indeed, the frequency 

bands used to determine the reliability of CA detection strongly depends on the sleep 

stage in which cortical arousals occur. This outcome suggests that the underlying 

mechanism of arousal may depend on the sleep stage in which they are measured. The 

brain activation pathways during arousals have already been explored in detail. 

Depending on the state (wake, REM, or NREM sleep), two possible pathways have been 

observed in the generation of arousals: the cholinergic and the monoaminergic systems 

(Saper 2005). There could be sub-processes involved within sleep stages of NREM as 

well, which might explain the different frequency bands needed to determine CA  in each 

sleep stage. 

Throughout the first part of this study, the required submental activity was used only for 

epochs scored as REM as stated by the AASM rules (#5): “Arousals are scored in REM 

sleep only when concurrent increases in submental EMG amplitude [occurs].” According 

to the same guidelines, submental activity is not a required factor for cortical arousal 

detection in NREM stages: “Arousals in NREM sleep may occur without concurrent 

increases in submental EMG amplitude” (AASM, 1992). However, when enforcing the 

submental activity, a slight improvement was observed in the Cohen kappa value (sleep 

stage1 and sleep tage4), a dramatic improvement occurred in the sensitivity (SWS 

stages), and an increase appeared in the specificity (sleep stage1 and sleep stage2). These 

results suggest that CA detection in SWS sleep stages needs to include a submental 
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activity in the analysis just as REM stage does. Historically movement arousals were 

described by Rechtschaffen and Kales (1968) as “any increase in electromyography 

(EMG) on any channel, accompanied by a change in pattern on any additional channel”. 

Later, Stepanski et al. (1984) defined arousals as an increase in EEG frequency and an 

increase in chin EMG amplitude. Following this definition, the Université Catholique de 

Louvain adopted a definition of arousals that requires an increase in chin EMG as it was 

thought that the possible cause of interobserver disagreement was due to this lack of 

EMG inclusion in NREM stages (Smurra, 2001). Indeed, during NREM sleep the 

autonomic nervous system (ANS) is altered: the sympathetic activity is decreased and the 

parasympathetic activity is increased while in REM sleep both the parasympathetic and 

sympathetic nervous system might be active (Baust et al., 1969; Berlad et al., 1993; 

Baharav et al., 1995). Since sympathetic activation is correlated with muscle activity, 

EMG increase is expected during sympathetic activation, which may occur during CA 

when changes of the ANS occur (Guilleminault et al., 2005). Indeed, it has been found 

that ANS changes frequently not only in REM sleep (Mancia and Zanchetti, 1980; Hata, 

1975) but also in slow wave sleep (Bacceli et al., 1974).  

It has also been observed that when including submental activity in the A2DA detection 

mechanism, all statistical measures (Cohen kappa, sensitivity, and specificity) improved 

(except for the specificity of sleep stage 3 which was already in the 90% range) for 

subjects having a body mass index (BMI) between 25 and 30 compared to subjects 

having a lower BMI between 18.5 and 25. Even though none of these noticeable 

increases are statistically significant, this overall improvement across all statistical 

measures cannot be overlooked. Furthermore, such improvement was not as dramatic if 
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the submental activity was not included in the CA detection mechanism. This suggests 

that as the BMI increases, arousal detection may become more susceptible to the EMG 

activity.  

It has been well established that BMI is strongly and positively correlated with 

obstructive sleep apnea (OSA): the higher the BMI, the more severe the OSA (Young, 

2002). During OSA, the occurrence of autonomic arousals is much more frequent, and 

needed to restore homeostasis. As OSA events appear, the oxygen level drops and 

autonomic arousals play a significant role in the restorative mechanism responsible to 

keep the subjects alive. Furthermore, an association between sleep-related respiratory 

events and EEG arousals has been increasingly reported in the literature (Halasz, 2004). 

This suggests that as the BMI increases, the submental activity (associated with more 

probable respiratory events) might be more strongly coupled with EEG activity, which 

would account for the improvement of CA detection when EMG is considered. Indeed it 

has been found that patients with high BMI with sleep apnea have high sympathetic 

activity during both wake and sleep state (Somers et al., 1995). Such results suggest that 

the A2DA may have better reliability in CA detection if applied to subjects with BMI 

higher than 30. Further research needs to be conducted in terms of the effect of BMI on 

CA detection by considering values across the ranges of obesity (class I, II and III) to 

determine if this upward trend observed in section 4.3 is maintained. 

This study was also based on the assumption that human scoring is the reference and 

assumed to be accurate, so the Cohen kappa values obtained represent levels of 

agreement based on scorings that may not be 100% valid. Hence, the low values obtained 

for the Cohen kappa in this study might have been affected by the variability of human 
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scoring, which has been well-established in the literature (Drinnan, 1998). Therefore, 

unless a “gold standard” as suggested by Bonnet, is available to test an alternative 

algorithm, any reported reliability measures will always be questionable due to the lack 

of agreement in terms of the scoring reference used.  

These results suggest further research whose aim is to establish this needed gold standard. 

PSG data could be sent to a variety of Sleep Centers throughout the world for human 

scoring of CA detection. The results might then be aggregated and all sleep epochs, 

marked based the level of agreement between scorers. Once a set of scored subjects are 

unanimously scored with an accepted level of agreement, alternative methods of 

detection can then be tested. The Cohen kappa values would then have more significance, 

which would allow refinements to and consolidation of both computer and non-

computer-based detection methods. 

In addition, other types of analysis could be incorporated into the A2DA. For instance, 

changes in the length of RR intervals extracted from the ECG activity during an arousal 

event could be employed, or the invariant measure of dimension complexity as defined in 

deterministic chaos theory might be used as complementary testing mechanisms to 

improve the A2DA. 

Further studies would also attempt to identify the conditions affecting possible different 

dynamics of arousal creation during sleep by using Principle Component Analysis (PCA). 

By rotating the embedded EEG time series in an m dimensional space along eigenvectors, 

the principal components revealed might allow one to categorize first sleep stage, and 

second, arousal events across sleep stages. First, the lag would need to be obtained 

through the mutual information of the time series. Second, based on the lag value the 
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mutual information of the time series is computed in order to obtain the maximum 

embedding dimension. Third, the covariant matrix is obtained to reveal the variance of 

the dynamical aspect of the data. Last, the covariant matrix is diagonalized in order to 

extract the singular values (proportional to the eigenvalues) along the principal 

orthonormal components (set of eigenvectors). To this date, PCA has not been used for 

CA detection, so there is no guarantee that this would work. However, this could be a 

follow up project that I would like to pursue. 

The use of computer cluster is essential for the analysis of cortical arousals. In this 

research, the identification of all sleep epochs, computations of all statistical measures 

and creation of all graphical representations took an approximate time of 2,000 hours and 

a hard drive space of 170MB (37,000 files) for one subject on a standard personal 

computer. The computation time for all the statistical measures, their graphical 

representations as well as the calculations and graphs of the cumulative results was well 

above 2,000 hours and used up to 1.5 Tbytes of hard drive space. All calculations are 

currently performed in sequence (one epoch after the other) (Appendix C). If access to a 

computer cluster was possible and the number of Control Processor Units (CPU) 

accessible was increased, the computer time would decrease dramatically. Instead of 

taking 2,000 hours (about eighty days) to analyze a hundred subjects, a computer cluster 

of 125 nodes would perform the same calculations in less than a day. If non-linear 

dynamics techniques (extremely computer intensive) were also added as part of the 

detection mechanism in a way similar to how the submental activity was, the use of a 

computer cluster would significantly decrease the computer time and allow faster 

progress in the development of alternative computer-based algorithms.  
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This suggests another study that would imply a modification of the current computer 

algorithm. All codes will need to be rewritten in message-passing application 

programmer interface (MPI) in order to be used on a high performance computer 

platform (computer cluster or supercomputers). Instead of analyzing all epochs in series 

by one CPU, the epochs would be divided and sent to each node for parallel processing. 

The higher the number of nodes, the faster the analysis could be completed (Rand and 

Collin, 2005). 
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6 Conclusions 
 
 
In this research, it was hypothesized that the AASM criteria for scoring CA in sleep EEG 

could be optimized by considering specific frequency bands in which they occur and by 

using submental activity in all stages of sleep.  

Based on this study, it has been verified that specific frequency bands used for CA 

detection have been identified and depend on the sleep stages. CA are best detected in 

Beta1 (stage 1 and stage 2), Beta2 and Gamma (stage 3), Beta1 (stage 4), and Delta, 

Alpha, Beta1 and Gamma (stage REM). It was also shown that the reliability varies as a 

function of sleep stages. The Cohen kappa, sensitivity and specificity statistical measures 

were respectively 0.16±0.025, 63±3%, and 56±2% in stage 1, 0.35±0.025, 61±3%, and 

81±1% in stage 2, 0.48±0.050, 60±5%, and 96±1% in stage 3, 0.73±0.170, 73±15%, and 

98±2% in stage 4, and 0.48±0.030, 58±3%, and 93±1% in stage REM. 

It was also verified that the submental activity should also be included in SWS for CA 

detection. Indeed, the Cohen kappa in stage 4 increases from 0.35±0.260 to 0.73±0.170, 

remains relatively unchanged in stage 3 (from 0.50±0.050 to 0.48±0.05); the sensitivity 

increases in both stage 3 and stage 4 (from 52±5% to 60±5%, and from 44±30% to 

73±15% respectively); and the specificity is barely affected (from 98±1% to 96±1%, and 

from 96±3% to 98±2% respectively). It has also been found that the frequency bands 

overall shifted towards higher ranges when submental activity is included. The new 

bands are: Delta, Sigma, Beta1, and Gamma (stage 1), Beta1 and Gamma (stage 2), Beta2 

and Gamma (stage 3), and Beta1 (stage 4). 
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Appendix A: AASM rules 
 
"An EEG arousal is: An abrupt shift in EEG frequency, which may include theta, alpha 

and/or frequencies greater than 16 Hz but not spindles, subject to the following rules and 

conditions. 

 

EEG arousal scoring rules 

1. Subjects must be asleep, defined as 10 continuous seconds or more of the 

indications of any stage of sleep, before an EEG arousal can be score (Figs 1 and 

2). Arousal scoring is independent of Rechtschaffen and Kales epoch scoring (i.e. 

and arousal can be scored in an epoch of recording, which would be classified as 

wake by Rechtschaffen and Kales criteria). 

2. A minimum of 10 continuous seconds of intervening sleep is necessary to 

score a second arousal (see Rational section for discussion of 10 seconds as 

minimum sleep between arousals) (Figs. 3 and 4).  

3. The EEG frequency shift must be 3 seconds or greater in duration to be 

scored as an arousal (see Rational section for discussion of 3 seconds as the 

arousal duration criteria) (Figs 1, 5 an 6). 

4. Arousals in NREM sleep may occur without concurrent increases in 

submental EMG amplitude (Fig. 7). 

5. Arousals are scored in REM sleep only when concurrent increases in 

submental EMG amplitude (Figs 8 and 9). 

6. Arousals cannot be scored based on changes in EMG submental alone. 
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7. Artifacts, K complexes or delta waves are not scored unless accompanied 

by an EEG frequency shift (as previously defined) in at least one derivation. If 

such activity precedes an EEG frequency shift, it is not included in reaching the 3-

second duration criteria. When occurring within the EEG frequency shift, artifacts 

or delta wave activity are included in meeting duration criteria (see Rational 

section or discussion of delta wave activity as an indicant of arousal) (Figs. 10-

12). 

8. The occurrence of pen blocking artifact should be considered an arousal 

only if an EEG arousal pattern is contiguous. The pen blocking event can be 

included in reaching duration criteria (Figs 13-15). 

9. Noncurrent, but contiguous, EEG and EMG changes, which were 

individually less than 3 seconds but together greater than 3 seconds in duration, 

are not scored as arousals. (Fig. 16). 

10. Intrusion of alpha activity of less than 3 seconds duration into NREM 

sleep is not scored as an EEG arousal. Three seconds of alpha sleep is not scored 

as an arousal unless a 10-second episode of alpha-free sleep precedes (Figs 17 and 

18). 

11. Transitions from one stage of sleep to another are not sufficient of 

themselves to be scored as EEG arousals unless they meet the criteria indicated 

above." 

        (AASM, 1992). 
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Appendix B: Frequency ranges 
 
The combinations of all 7 frequency bands are: 

Delta 
Theta 
Alpha 
Sigma 
Beta1 
Beta2 
Gamma 
DeltaTheta 
DeltaAlpha 
DeltaSigma 
DeltaBeta1 
DeltaBeta2 
DeltaGamma 
ThetaAlpha 
ThetaSigma 
ThetaBeta1 
ThetaBeta2 
ThetaGamma 
AlphaSigma 
AlphaBeta1 
AlphaBeta2 
AlphaGamma 
SigmaBeta1 
SigmaBeta2 
SigmaGamma 
Beta1Beta2 
Beta1Gamma 
Beta2Gamma 
DeltaThetaAlpha 
DeltaThetaSigma 
DeltaThetaBeta1 
DeltaThetaBeta2 
DeltaThetaGamma 
DeltaAlphaSigma 
DeltaAlphaBeta1 
DeltaAlphaBeta2 
DeltaAlphaGamma 
DeltaSigmaBeta1 
DeltaSigmaBeta2 
DeltaSigmaGamma 
DeltaBeta1Beta2 

ThetaAlphaSigma 
ThetaAlphaBeta1 
ThetaAlphaBeta2 
ThetaAlphaGamma 
ThetaSigmaBeta1 
ThetaSigmaBeta2 
ThetaSigmaGamma 
ThetaBeta1Beta2 
ThetaBeta1Gamma 
ThetaBeta2Gamma 
AlphaSigmaBeta1 
AlphaSigmaBeta2 
AlphaSigmaGamma 
AlphaBeta1Beta2 
AlphaBeta1Gamma 
AlphaBeta2Gamma 
SigmaBeta1Beta2 
SigmaBeta1Gamma 
SigmaBeta2Gamma 
Beta1Beta2Gamma 
DeltaThetaAlphaSigma 
DeltaThetaAlphaBeta1 
DeltaThetaAlphaBeta2 
DeltaThetaAlphaGamma 
DeltaThetaSigmaBeta1 
DeltaThetaSigmaBeta2 
DeltaThetaSigmaGamma 
DeltaThetaBeta1Beta2 
DeltaThetaBeta1Gamma 
DeltaThetaBeta2Gamma 
DeltaAlphaSigmaBeta1 
DeltaAlphaSigmaBeta2 
DeltaAlphaSigmaGamma 
DeltaAlphaBeta1Beta2 
DeltaAlphaBeta1Gamma 
DeltaAlphaBeta2Gamma 
DeltaSigmaBeta1Beta2 
DeltaSigmaBeta1Gamma 
DeltaSigmaBeta2Gamma 
DeltaBeta1Beta2Gamma 
ThetaAlphaSigmaBeta1 
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DeltaBeta2Gamma 
ThetaAlphaSigmaGamma 
ThetaAlphaBeta1Beta2 
ThetaAlphaBeta1Gamma 
ThetaAlphaBeta2Gamma 
ThetaSigmaBeta1Beta2 
ThetaSigmaBeta1Gamma 
ThetaSigmaBeta2Gamma 
ThetaBeta1Beta2Gamma 
AlphaSigmaBeta1Beta2 
AlphaSigmaBeta1Gamma 
AlphaSigmaBeta2Gamma 
AlphaBeta1Beta2Gamma 
SigmaBeta1Beta2Gamma 
DeltaThetaAlphaSigmaBeta1 
DeltaThetaAlphaSigmaBeta2 
DeltaThetaAlphaSigmaGamma 
DeltaThetaAlphaBeta1Beta2 
DeltaThetaAlphaBeta1Gamma 
DeltaThetaAlphaBeta2Gamma 
DeltaThetaSigmaBeta1Beta2 
DeltaThetaSigmaBeta1Gamma 
 

ThetaAlphaSigmaBeta2 
DeltaThetaSigmaBeta2Gamma 
DeltaThetaBeta1Beta2Gamma 
DeltaAlphaSigmaBeta1Beta2 
DeltaAlphaSigmaBeta1Gamma 
DeltaAlphaSigmaBeta2Gamma 
DeltaAlphaBeta1Beta2Gamma 
DeltaSigmaBeta1Beta2Gamma 
ThetaAlphaSigmaBeta1Beta2 
ThetaAlphaSigmaBeta1Gamma 
ThetaAlphaSigmaBeta2Gamma 
ThetaAlphaBeta1Beta2Gamma 
ThetaSigmaBeta1Beta2Gamma 
AlphaSigmaBeta1Beta2Gamma 
DeltaThetaAlphaSigmaBeta1Beta2 
DeltaThetaAlphaSigmaBeta1Gamma 
DeltaThetaAlphaSigmaBeta2Gamma 
DeltaThetaAlphaBeta1Beta2Gamma 
DeltaThetaSigmaBeta1Beta2Gamma 
DeltaAlphaSigmaBeta1Beta2Gamma 
ThetaAlphaSigmaBeta1Beta2Gamma 
DeltaThetaAlphaSigmaBeta1Beta2Gamma 
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Appendix C: Programming Codes 
 
All the MOO, and Perl codes along with the shell scripts used in this study can be found 

at: http://www2.hawaii.edu/~herve/a2da/A2DA_codes.tar.gz 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 66 

Appendix D: Fast Fourier Transform 
 
Fast Fourier Transform 

Information in a time series is sometimes difficult to extract in the time domain. 

However, if the series is converted into a frequency domain, the information might reveal 

itself and allow its extraction. A Fast Fourier Transform (FFT) is a technique that 

performs the transformation of a time series from the time domain to the frequency 

domain. Specifically the FFT algorithm computes the magnitudes of energy versus 

frequency for a given signal. One of the main assumptions on the time series when such 

algorithm is used is that the system from which this time periodic series obtained is linear 

and satisfies the superposition principle. This is explicitly accomplished by assuming that 

the signal represented in the time domain is composed of the sum of sinusoidal waves of 

various frequencies.  Mathematically, this discrete transformation can be modeled as: 
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where N  refers to the number of data points in the time series, and )(tf refers to the 

actual data points.  

The algorithm calculates the amplitude of each of the sinusoidal functions with a given 

frequency. The output of such calculation is a new series composed of amplitudes as a 

function of frequency. Given a complex time series such as EEG, the FFT will 

decompose this signal as the superposition of sinusoidal functions of various frequencies 

and amplitudes, and will produce a new time series made up of these amplitudes 

corresponding to each frequency of the sinusoidal functions needed to construct the 

original signal. If one would add together this new set of sinusoidal functions, the original 
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signal would be reproduced. The output is the equivalent representation of the time 

domain signal into what is called the frequency domain. Since the original signal 

represents amplitudes of the EEG reading in millivolts versus time in seconds, the output 

of a FFT provides a set of amplitudes in the frequency domain (Hertz). Figure 7 shows an 

example of a signal F  represented in the time domain, which has been decomposed 

through a Fourier transformation as the superposition of three periodic functions 1f , 2f , 

and 3f  with respective unique frequencies 1ω , 2ω , and 3ω . Once the frequency 

distribution of the original function F  is known (using the if  functions), it can then be 

represented in the frequency domain ω . Subsequently, the original function F can be 

reconstructed in the time domain through an inverse Fourier transform and using the if  

functions. 
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Figure 16: Example of a Fourier decomposition 
 

For further information on the theory of Fourier transform and Fast Fourier transform, see 

Arfken and Weber (2000), Lea (2004), Williams (1997), and Brigham (1988). 
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Appendix E: Power Spectrum Density 
 
Power Spectrum Density 

The Power Spectrum (PS) is obtained from the results of an FFT. The PS representation 

displays the square of the magnitudes of the FFT spectrum. Hence, the PS provides a 

power content of a signal at a particular frequency. If one is interested in the energy 

content of a signal within a particular frequency band, the Power Spectrum Density 

(PSD) is more appropriate. In this research the PSD is computed in order to extract the 

power content of the EEG signal within specific frequency bands. This transformation 

squares the coefficients from the FFT and represents the power (in millivolts squared) of 

the signal as a function of frequency (Hertz). This FFT/PSD treatment provides 

information about the power distribution of a signal as a function of frequency. For 

instance, if the original signal is composed of low frequency sine waves, its PSD would 

produce high power in the lower frequency range (such as Delta waves (0.5 to 2 Hz)), 

while a signal composed of high frequency sine waves would produce high power in the 

high frequency range in its PSD output. An example of such transformation is shown in 

Figure 8 and Figure 9. 

 



 70 

 
Figure 17: Example of a stage3 EEG reading in the time domain: note that the overall frequency is 

low. 
 
 

 
Figure 18: Example of a power distribution spectrum from a stage3 EEG reading (in the frequency 

domain).In the case of SWS, the power (dominant frequency) is mostly concentrated in the low 
frequency range. 
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Appendix F: Wavelet Theory 
 
Wavelet Theory 

Wavelets theory is another standard decomposition techniques primarily used for short 

data samples composed of a wide range of frequencies. Even though, it is not used in this 

research (long data sample of 30 seconds measured at 125Hz), a short description of such 

technique is provided below. Wavelet theory was developed in the eighties by Grossman 

and Morlet (1984) from studies on signal analysis with variable time-frequency 

resolutions. Daubechies (1998, 1990), Heil and Walnut (1989) and Mallat (1989) pursued 

the development of this theory by establishing a complete formulation of discrete signal 

processing; their work is considered to have laid down the path to numerous theoretical 

and practical applications of wavelet theory. Soon after, this theory was applied to the 

analysis of ECG by positive outcome by Bulgrin et al. (1993), and Jones et al. (1993). 

Today, wavelet theory is also commonly applied for the analysis of EEG (Jobert, 1994, 

Shiff, 1994, and De Carli, 1999). Wavelets are chosen over standard power spectrum 

when choosing small data sets due to the main limitations of the Fourier transform, which 

requires fixed size of the data window selected for the analysis (Jones and Parks, 1992). 

Both methods share a common limitation based on the relationship between time and 

frequency resolution known as the Heisenberg uncertainty ( 2/1≥∆⋅∆ ωt ): the frequency 

resolution is best attained if the data length (data window) is large; however, the smaller 

the data window, the larger the frequency resolution. The main difference between the 

two methods is based on the size of the data window. In Fourier transform, the window 

size is fixed to a chosen width, and all sine and cosine functions of all frequencies need to 

fit within this window. As the signal is assumed to be cyclic, more jumps and 
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discontinuities are likely to occur at the edges of the windows when the frequency and 

the data window are low, but less likely to occur if the frequency of the signal is high. 

Hence, to avoid such distortions, a small data window can be applied if the frequency of 

the signal is high, and a larger one may be used for lower frequencies. If the signal is 

composed of a wide range of frequency values, fixed window sizes is therefore 

problematic. Wavelet theory is able to make such adjustment by not relying on fixed 

windows size. This advantage has significant impact for small data set that comprises a 

wide range of frequencies. In this research, the sampling frequency is 125 Hz, and the 

epoch length is 30 seconds, which gives us a data length of N=3750. According to signal 

theory (Shannon’s theorem), the sampling frequency must be at least two times greater 

than the highest frequency component, and the frequency resolution is obtained by taking 

the inverse of the data length N (Jerri, 1997). In EEG analysis, the highest frequency 

obtained after Fourier decomposition is 48Hz. These conditions allow a small frequency 

resolution, and easily satisfies Shannon’s theorem requirement (125 > 2*48). Hence, 

when using the whole 30 seconds epoch for analysis, the Fourier transform does not need 

to be replaced by wavelet theory. For this reason FFT was chosen for this research. 
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Appendix G: Cohen kappa 
 
Cohen kappa 

A number of studies have used the Cohen kappa κ  (Cohen, 1960) to estimate the 

reliability of arousal scoring (Drinnan, 1998, Loredo, 1999,  Brunner, 1996) and the 2007 

review paper in 2007 (Bonnet, 2007). The Cohen kappa κ  is a statistical measure of 

agreement between two scoring methods, and is defined as follow: [ ]
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where n is the total number of events (number of epochs for each sleep stage). κ can take 

any value from 0 to 1 (its value can be negative, which would correspond to the case 

where the two scorings agree less than what would be expected by chance). The value of 

κ is an estimate of how good the two scorers agree with each other. In this research, it 

provides an estimate of agreement between the computer scoring arousal and previously 

scored data from specialists at the Sleep Heart Health Study (SHHS). It is very rare that a 

perfect agreement occurs ( 1=κ ) in practical cases. Furthermore, different interpretations 

are used for the possible ranges ofκ . The most commonly accepted and used 

interpretations are summarized below (Landi and Koch, 1977, and Altman, 1990): 
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Table 15: Cohen kappa value interpretations. 
<0 no agreement 
0-0.2 poor or slight agreement 
0.2-0.4 fair agreement 
0.4-0.6 moderate agreement 
0.6-0.8 good or substantial agreement 
0.8-1 very good or almost perfect agreement 
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Appendix H: Sensitivity and Specificity 
 
Sensitivity and Specificity 

Both the sensitivity and specificity are two other statistical measures used in this 

research. The sensitivity estimates how well the algorithm is at detecting arousals events 

in epochs that SHHS has marked as containing an arousal. The sensitivity is defined as: 

 

100*
FNTP

TPysensitivit
+

=  

 

The specificity estimates how well the algorithm is at detecting the non presence of an 

arousal event in epochs that SHHS has marked as not containing an arousal. The 

specificity is defined as: 

 

100*
FPTN

TNyspecificit
+

=  

 

Both statistical measures have values ranging from 0 to 100%. An optimum condition 

would score both sensitivity and specificity to be equal to 100%. For all practical 

applications however, there is always a trade off between the two values. The conditions 

necessary for a high sensitivity is usually different from the ones necessary to obtain a 

high specificity. Under conditions where the sensitivity is high, the specificity is most 

likely to be low and vice versa. In this study, the conditions chosen to select both 

sensitivity and specificity are dictated by the value of the Cohen kappa. If one is more 

interested in predicting accurately the presence of arousals in epoch EEG, the sensitivity 
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value becomes the most important factor. If detecting the non presence of arousals in 

epoch EEG, the specificity takes on the important role. Both sensitivity and specificity 

are usually reported. If an algorithm is excellent at detecting arousals (high sensitivity), 

the specificity is needed to confirm that the algorithm does not also over detect arousals 

when in fact not present (high FP). So even though the sensitivity is more important in 

this research (the number of TP is significantly less than the number of TN), the 

specificity is also included. 
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