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Preface

This study applied time series methods in the analysis
of motion sickness data cbtained in experiments at AFIT. The
research showed the usefulness of these methods by analysis
of the data in both the time and frequency domains.

The analysis indicated a definite boundary may exist in
some subjects between healthy and sickness-induced brain
data. A significant model change occurred approximately
halfway througin Lhe piimary subjects trial run. ‘T'he adaition
of Dilantin (phenytoin) appears to slow the effects of
motion sickness and its effects were noted in the model.

I would like to thank my faculty advisor, Lt Col James
Robinson for his encouragement and undying support. He was
instrumental in the initial design and conduct of the
research effort. I am grateful to Dr. Matthew Kabrisky for
his patience and the use of his data and laboratory
equipment. And most importantly, I wish to thank my wife
Michelle for enduring this effort along with me and putting

up with the long nights and weekends of work.

David C. Thompson
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Abstract

A methodology was developed in order to characterize
the prodigious amount of electroencephalcgraphic (EEG) data
collected during motion sickness experiments at the Air
Force Institute of Technology. The analog data are sampled
and digitized into a time series. Stationarity
transformations and a windowing operation are performed cn
the data to produce local areas of stationarity.

Wwindowed versions of the autocorrelation function,
partial autocorrelation function and periodogram are
discussed and employed. The windows are analyzed over time
in order to view the underlying structure of the model that
is hidden in the dat.. These functions are converted into
image files to aid interpretation. The images are directly
interpreted for model determination, model changes, artifact
assessment and stationarity determination.

A primary subject and two confirming subjects are
analyzed. Both a placebo trial and Dilantin trial were
analyzed for each subject to determine the nature of motion
sickness and the efficacy of the drug treatment. The results
are inconclusive as all three subjects brain data proved to
be unique with respect to the placebo trials. A definite

model change or pattern can not be determined based on the




sibjects usad. The effects of Nilantin on the brain signals,
nowever, were markad in two of the three subjects.

The methodology is shown to be an effective means of
representing the underlying structure of larye amount of
data. Both significant and weak periodicities within the

data can be highlighted for analysis and interpretation.
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AN EXPLORATORY ANALYSIS OF MOTION SICKNESS DATA:

A TIME SERIES APPROACH

I. Introduction

Background

Man is not a stationary creature. Unfortunately, the
numan body is not always well equipped for all types of
travel. This lack of fitness often manifests itself as
motion sickness. Anyone who has experienced car sickness or
sea sickness can attest to the debilitating nature of the
illness. The problem becomes more severe in space where a
closed environment and tight schedules leave little or no
room for sickness.

Approximately fifty percent of all astronauts
experience some degree of space adaptation syndrome (SAS)
(6:542). SAS is a form of motion sickness that occurs the
first few days on orbit while the astronaut becomes
accustomed to the weightless environment. Although not a
significant problem for long duration flights, three
workdays lost for sickness out of a four to seven day flight

could jeopardize the mission's success.




Two lines of research are underway to tackle the
problem of motion sickness. The first is trying to
understand the process of motion sickness by observing the
physiological changes that take place in the body as the
subject transitions through the stages of motion sickness. A
good understanding of the physiological process is essential
to determine the nature of motion sickness. The second type
of research seeks to eliminate the effects of motion
sickness by employing drugs or other means such as
biofeedback or sensitization therapy (14:2).

Researchers at the Air Force Institute of Technology
(AFIT) are actively pursuing both interests with motion
sickness experiments (4;12;14). A drug treatment is being
tested and based on preliminary results, is a likely
candidate as a cure for motion sickness (3).

NASA considers SAS a high priority problem to be
solved. It is estimated that SAS may cost $10 million per
shuttle flight. In addition, SAS poses several real dangers
to the crew, particularly when spacesuits must be worn

(12:3-4).

Summary of Current Knowledge

Motion Sickness ard Treatment. The generally accepted

theory behind the occurrence of motion sickness is the

sensory conflict thecry. This theory asserts that motion




sickness results when certain visual or vestibular cues do
not match the other signals received by the brain or match
those already known from previous experiences (14:2). The
conflicting signals result in a sersory mismatch resulting
in motion sickness as the brain attempts to resolve the
situation based on previous experience to similar stimulus.

As an example of this theory, consider a person sitting
on the edge of a spinning merry-go-round. If he were to
close his eyes and tilt his head downward, the ear would
send signals suggestive of a change in rotation. The body on
the other hand, would continue to send signals to the brain
that the spinning motion was unchanged. These conflicting
signals then cause motion sickness to occur.

The classical symptoms of motion sickness are nausea,
pallor, cold sweats, and vomiting (14:1). Additional
symptoms associated with space motion sickness (SMS)
reported during the first nine space shuttle missions were
abdominal fullness and discomfort, anorexia, lethargy,
malaise, and headache. These symptoms agree closely with
ground reported motion sickness symptoms (12:6-7). Thus it
has been proposed that a treatment that is effective in the
laboratory also may work in space (12:11).

Scott cited three promising treatments to motion
sickness (14:2-4). These treatments are drugs, biofeedback,

and desensitization. Certain specific drugs are currently




the preferred form of treatment on shuttle flights today
(12:7-10). Unfortunately these drugs are depressants and
carry with them unpleasant side effects that impair
alertness and degrade performance (12:27-28). The drug of
choice is a combination of the depressant scopolamine and a
stimulant, (dexedrine) used to offset the negative effects
of the depressant. Side effects of this treatment are
tremors, restlessness, increased motor activity, insomnia
and agitation (12:28).

A new use for the drug Dilantin (phenytoin; is
undergoing testing at the Air Force Institute of Technology
(AFTT). The drug has been shown to be effective in
eliminating motion sickness symptoms in studies performed at
AFIT. Three subjects out of the 18 tested have been cured of
all symptoms and the average improvement in symptom onset
time has improved over 500 percent per subject (14:70-81).
Dilantin would be an excellent course of treatment because
of its low incidence of side effects (3).

Biofeedback and desensitization have been effective in
curing airsickness (14:3). Cowings et al. suggest motion
sickness may result after a build-up of sympathetic activity
within the autonomic nervous system. Autogenic feedback
training would then be useful to slow or eliminate the

generation of these signals (6:548-550). Unfortunately,




these courses of treatment are not likely candidates for
implementation due to the nature of space operations.

Past Research at AFIT. Motion sickness research has

been active at AFIT since 1983. The first team assembled the
motion chair and designed the first physiological sensors
(14:3). The current motion chair is a flight disorientation
simulator adapted with bio-sensors and has been modified so
that it can only rotate about the subjects' z-axis (11:4-
15) .

In 1985, Jarvis and Uyeda continued the spin chair
research and reported the first experimental results (14:4).
Many of the unique physiological sensors that are in use
today were designed and built by Chelen after his arrival on
the team as principal investigator.

The 1986 research team applied the first statistical
methods to the data (11:10). They were able to identify
trends among the physiological indicators associated with
the onset of motion sickness. A multiple linear regression
was used to develop an initial predictive model (11:57-60).
The major finding of the research was the initial discovery
of a low frequency, high amplitude brain wave that occurs
during motion sickness (11:63).

Chelen et al. identified this brain pattern as a
selzure equivalent originating from the temporal lobe (4:7-

8). Their study suggested the use of the anticonvulsant drug




Dilantin (phenytoin). Dilantin was considered a good choice
because of its efficacy in controlling zpilepsy, and long
history of use with few known side effects (3).

In 1987, Drylie, Fix, and Gaudreault automated the
collection procedure by adding computers for data analysis.
They added new sensors and standardized the experiment to
improve the reliability of the results (i4:4-5).

Fix first suggested the use of a neural net in
predicting the subject's instantaneous sickness level (7:6).
The neural net model involves developing a unique motion
sickness equation for each subject. Weighted linear
combinations of these equations are then taken to form the
cverall motion sickness equation (7:19-2%5).

Scott and Morales continued this line of research in
1988 (14:11). The neural net model was applied to the 1986
data and resulted in a nonlinear equation containing 34
terms with only five independent variables. These five
variables were used to predict the subject reported symptom
level on a scale from one (well) to ten (sick). The model
was correct to within one level in only 60% of the cases and
within two in 77% of the cases (14:28-31). The results were
only slightly better using the 1987 data (14:31-22;.

Morales (12:86-91) used a similar technique using only
three of Scott's five variables. His model contained 96

nonlinear terms. Morales suggested that the




electroencephalographic (EEG) activity is a defense
mechanism of the brain, and Dilantin may enhance that
defense capability (12:107). He recommended further research
in this area because the EEG may be the key physiological
parameter nf interest (12:106).

Measurements. Motion sickness research continues to

produce conflicting results concerning physiological
measurements and their interpretations. Cowings et al.
reported the findings of Graybiel and Lackner that show no
relationship between the physiclogical measurements and
subject-reported symptoms (6:543). A different protocol by
Cowings et _al. showed that heart rate, basal skin
resistance, pulse volume of blood, and resnir2+ion are all
correlated with the levels of symptoms reported by the
subject (6:547-549).

Changes in physiological measurements as an indicator
of motion sickness are still a topic of debate in the
literature. It seems there are almost as many sets of
indicators as there are experiments (6;7;11;12;14). For
example, Cowings et al. cites the findings of Money that the
autonomic nervous system can play no part in motion sickness
research, therefore eliminating the need to take
measurements of heart rate, blood pressure, and respiration
(6:542-543) . Graybiel and Lackner also reported no change in

heart rate and no relationship between blood pressure and




onset of motion sickness symptoms as cited by Cowings et al.
(6:543).

Other findings contradict these results. Cowings et al.
report a significant relationship exists between heart rate,
basal skin resistance, blood pulse volume, respiration rate
and the level of motion sickness reported by the subject
(6:547-548) . They also cite the work done by Crampton
(6:543) that suggested a relationship between several
physiological variables, to include heart rate and pallor,
and onset of motion sickness. Cowings et al. conclude that
time series analysis of physiological data may be the key to
understanding the subtle relationships among the variables
~f motion sickness (6:550).

AFIT studies substantiate the findings of Cowings et
al. that physiological measurements are correlated with
onset of motion sickness (7:;11;12;14). McPherson showed that
thoracic respiration, finger pallor, and galvanic skin
response are highly correlated with reported symptoms while
heart rate, skin temperature, and respiration rate were
correlated to a lesser degree (11:63). Fix reported stomach
activity, eye motion, respiration rate, galvanic skin
resistance, and skin temperature as having been highly
correlated with motion sickness (7:14).

Scott determined that eye movement, stomach activity,

and respiration rate are good indicators of motion sickness




(14:49,56). Morales, using the same data determined heart
ra.e, respiration rate, and stomach activity to be effective

indicators (12:72-93).

Problem Statement

This study was designed to be an exploratory analysis
of the physiological data obtained during a typical AFIT
motion sickness experiment. Selected channels were analyzed
to determine the nature and extent of a hypothetical "motion
sickness generator". The analysis was accomplished for both
a placebo run and Dilantin treatment run to determine the

drug's ettrect, if any, on the generator.

Scope

This bulk of the analysis was limited to one subject
for several reasons. First, an extensive amount of analysis
was required in order to establish the results to be shown
later. It was also determined that a thorough, complete
analysis of one subject would give more insight into the
nature of the phenomena under study than would a less
thorough study using many subjects. By limiting the analysis
to a few subjects, these new methods could be properly
validated for use in continued research across a wider range
of subjects. Once the primary analysis was complete, two

additional subjects were analyzed for comparison.




The research was further limited to the analysis of
five key channels of motion sickness data. The channels
chosen for the analysis were the five brain channels. These
selections were made based on previous recommendations
(12:108) that the brain channels required further
investigation. The other channels were considered to be
either uncorrelated with motion sickness or subject to

artifacts and error.

Assumptions

The primary assumption of this research was that the
data could be treated as a time series process. With this
assumption made, traditional time series methods and more
specifically, Box-Jenkins methods for model fitting could be
applied to the data (2:18-19).

A second assumption assumes an autoregressive
integrated moving average (ARIMA) model can be fit to the
data. A further assumption is that any changes in the body
as a result of motion sickness will manifest itself as a
change in this model. Model change being defined as an
obvious shift in the underlying process. These changes may
manifest themselves as shifts in the autocorrelation
function, partial autocorrelation function, periodogram or
combinations of all three. By observing changes in the model

over time, inferences about the motion sickness generator

10




and its effects can be drawn.

A final assumption involved the concept of
stationarity. It was assumed that the data to be analyzed
was initially stationary or could be made stationary by
means of some transformation. Stationarity transformations

were limited to simple differencing.

11




II. Experimental Procedure

Subiject Screening

The experiment began with a volunteer subject filling
out a questionnaire and medical history on himself. Because
cf the protocol in effect, the subject pool was limited to
healthy male active-duty DOD personnel only. The history was
then reviewed by the resident physician who performed a
rhysical to determine whether the subject was fit for the
experiment.

Specific items of interest were any previous instances
of possible neurologic damage or occurrences of motion
sickness. These indicators are then used to help determine
experimental parameters and aid in data analysis after the
experiment. For instance, if the subject showed a
predisposition toward motion sickness, 1 slower spin rate
would be used to induce motion sickness. Similarly, a
subject who showed no history of motion sickness would be
spun at a higher rate. The spin rate was adjusted from
subject to subject to normalize the experiment duration and
keep most trials under 15 minutes.

A susceptibility trial is then run on the subject. The
purpose of this trial is to familiarize the subject with the
protocol and to determine how susceptible the subject really

is to the stimulus.

12




The AFIT protocol employs a flight motion simulator
that has been modified to spin only about the subjects' z-
axis. The spin chair can spin either clockwise or counter-
clockwise and the rotation can be switched from trial to
trial. This is usually done in order to minimize any
possible adaptation effects the subject may experience when
the experiment is performed a second time.

The subject is blindfolded and placed in the chair. The
trial begins after the chair has been brought up to speed
and stabilized. A series of taped commands directing random
head motions (up, down, left, right) is then played and the
subject performs these movements. The motions are randomized
in an attempt to minimize any adaptation effects that might
be experienced due to repeated head movement in the same
plane. It is this movement of the head, into and out of the
plane of rotation, that causes the stimulus *that induce:s the
motion sickness.

The head motions continue until the subject experiences
frank sickness and is near emesis. During the course of
these motions, experimenters ask the subject to comment on
his current state using the scale of 1 (well) to 10
(emesis). The experimenters also query the subject as to the
symptoms he is experiencing and what caused any change 1in

subject reported symptom level (SSL).




If the subject appeared to have a normal csusceptibility
trial, and decided to continue with the experiment, a
cognitive test battery is then given. The battery consists
of a grammatical reasoning test, unstable tracking test, and
visual perception test. The results are then used for
comparison against later tests, specifically under the
influence of the drug Dilantin, to determine any possible
side effects that might influence cognitive skills or visual

acuity (14:15).

Instrumented Trials

Following a successful susceptibility trial, the
subject performed two instrumented trials to test the
efficacy of the drug under investigation. One run is
performed under the effect of the drug Dilantin, while on
the other run the subject is given a placebo. A double blind
environment is adhered to throughout the experiment by which
neither the subject nor the experimenters know, which pills
were taken. Serum blood levels are taken before each trial
with the results not made available by the laboratory until
after the second trial is complete.

The protocol of these two trials remained the same. The
subject is tested using the cognitive test battery described
earlier. These results are compared to the previous

performance to determine if there are any possible drug

14




side-effects. He is then fitted with the various
physiological monitoring devices and the chair is spun at
the predetermined speed. It is essential that both trials be
accomplished using the same speed. Because the stimulus is
proportional to the cuke of the spin rate, a change in rate
may significantly influence the onset and extent of
symptoms. To eliminate the possibility of adaptation, one
trial is spun clockwise, and one counter-clockwise. The same
random head motions are performed to induce motion sickness,

and the experiment continues until emesis is achieved.

Monitoring Devices

One thing that makes the AFIT motion sickness research
unique is the extent of physiological monitoring that takes
place. A Soltec model 8k26 16 channel strip chart recorder
and Kyowa Dengyo Beta machine are employed to record the
various channels in both analog and hardcopy outputs for
later analysis. All channels are band limited to 30 Hertz
(Hz) and below by special filters designed by Chelen. This
effectively eliminates unwanted artifacts such as AC noise
in the 60 Hz range.

Brain activity is measured by means of five pairs of
electrodes. Because the frequency of the signals is small,
.2-.3 Hz (4:5-6) subdermal electrodes are placed under the

scalp to improve reception. The channels measured are EEG1A

15




corresponding to the midline frontal cortex region, EEG1B
(parietal midline cortex), EEG1C (right side temporal lobe),
EEG2A (left side temporal lobe), and EEG2B (bilateral
frontal cortex region). See Figure 1 for approximate
placement of electrodes on the scalp.

Respiration is measured using two pneumographs. A

pneumograph is a device that measures the degree of

Figure 1. Placement of EEG Electrodes

16




expansion of the chest due to respiration. Both abdominal
and thoracic respiration are monitored. Prior to the start
of the experiment these devices are calibrated using a
spirometer to compare actual breathing volume with measured
values given by the pneumographs.

Heart rate is measured using the standard
electrocardiograph (EKG). The EKG measures the electrical
activity of the heart. A blood pressure cuff is also used to
measure blood pressure at random points throughout the
experiment.

Skin pallor measures the blood flow changes that
accompany the onset of motion sickness. Two sites have been
chosen for measurement. Photoplethysmographs (PPS) are the
optical instruments used to measure the skin color of the
face and the tip of the little finger. These are referred to
as the facial and peripheral PPS values. Previous studies,
however, have left some doubt about the accuracy of these
measurements (14:8).

Eye motion is measured using two sets of sensors called
electronystagmographs (ENG). The ENGs measure the electrical
potential produced by the muscles of the eye. Two pairs are
used to measure both the vertical and horizontal movements.
Unfortunately these sensors may be prone to artifact caused

by unnecessary movement and sweating (14:6).

17




Stomach activity is measured using devices called
splanchnograms. Two forms of this device are employed. The
electrosplanchnogram measures the electrical activity of the
stomach. A phonosplanchnogram is used in obtaining an audio

recording of the actual sounds produced by the stomach.

18




III. Methodology

This thesis deals with the complex issue of how to deal
with large amounts of data. Although usually this may be an
enviable situation, having too much data can cause many
unique problems involving data storage, data manipulation,
data presentation and interpretation. Implicit in any
thorough analysis of the motion sickness data is the
development of a new methodology to analyze and interpret

the vast amount of data already generated.

Data Sampling

The data recorded during the experiment consist of
multiple channels of analog (continuous waveform) data
stored on videotape. The analog data must first be sampled
and digitized before any analysis can be performed. The
process of sampling converts the analog signal into a
discrete representation of the waveform by means of a two
step sampling process.

The first step of this process is to sample the
waveform at discrete constant time intervals. This interval
is equal to the reciprocal of the sampling rate that will be
discussed later. This first step results in an intermediate
waveform that is now discrete in time but continuous in
amplitude. The second step is to digitize the data into
discrete amplitudes. The number of levels is dependent on

19




the sampler and software used, with 256 levels being a
representative example. At this point the data are now
discrete in both time and amplitude allowing digital
processing methods to be employed. Figure 2. illustrates
this process and the resulting waveforms that are obtained.

The process of sampling represents a tradeoff between
storage capacity and signal reproducability. To reproduce
the signal exactly requires a theoretically infinite
sampling rate (thousands of Hz) with the accompanying
unrealistic data handling and storage requirements. Sampling
at a significantly lower rate minimizes the resources needed
but also reduces the reproducibility of the waveform. The
distortions that occur when restoring the signal are known
as aliasing.

The effects of this tradeoff are minimized when the
sampling occurs at the Nyquist Limit (5:30). The Nyquist
limit is the sampling frequency defined to be twice the
maximum frequency of the band-limited signal.
Mathematically:

W, = 2W (1)
where w, is the sampling rate in samples/sec and w_, 1is the
largest frequency in Hz of the band-limited signal.
Theoretically this sampling rate should be sufficient to
reproduce the original signal accurately and without the

effects of aliasing. Unfortunately, the process of band-
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Figure 2. Illustrations of Digital Sampling Effects

limiting the original signal requires that the signal be
processed through some form of filter that eliminates the
unwanted higher frequencies. Because the filter is not

ideal, there will be some degree of high frequency bleed
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through. This may cause additional aliasing that the Nyquist
limit sampling rate may not account for.

It is for this reason that researchers often sample at
higher than the Nyquist rate (5:31). To determine the proper
sampling rate, representative channels were sampled at
various rates from the Nyquist rate of 60 Hz, up to 300
samples per second. The sample autocorrelation function, to
be discussed later, was used to compare the effects of the
increased sampling rates. The results were disturbing
because the different sampling rates resulted in different
functions. As the sample rate is increased above the Nyquist
frequency, it is expected that the function will remain
relatively constant. Because the sample autocorrelation
function changed with the increasing sampling rate, there
appears to be random correlations introduced due to the
increased number of samples taken.

The hypothesized cause is an inconsistency in the
sampling software not sampling properly, thus giving
spurious results as the sample rate is increased. The
decision was made to continue the research using the more
rcliable results gained by sampling at the Nyquist rate
(10) . Thus for all subsequent analyses, the sample rate was

to remain at 60 Hz (samples per second).
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Data Collection and Manipulation

Data collection and manipulation was a three step
process. First the data were sampled and digitized using a
Zenith Z-248 computer running CODAS by DATAQ Instruments.
Codas 1is the software that performs the analog to digital
conversion of the data. The data files were transferred to a
mainframe computer for statistical processing. Data
manipulation was accomplished using IMSL and SAS statistical
packages. Applicable subroutines included both time series
and spectral analysis routines. The output of these routines
was then transferred to a microcomputer for final analysis
and interpretation.

Graphical data analysis was accomplished on a Sun 3861
running Interactive Data Language (IDL) software by Research
Systems Inc. This program allowed a real-time display of,
and interaction with, the vast amount of data that was

generated using the mainframe batch processing.

Analytical Methods

The data collection phase generated approximately
600,000 observations that were sampled over 14 channels of
physiological data. This represented only fifty percent of
the total data available for one subject. A technique was
developed analyze this large data base efficiently and

accurately.




Time Series and Stationarity. Each channel was treated

as a separate time series. A time series can be thought of
as a sequence of data that has been sampled from a time-
continuous process. The samples were taken at uniform time
intervals equal to the reciprocal of the sampling rate as
discussed earlier.

To employ the methods of time series analysis, the
series must be assumed stationary. A time series is
considered stationary of order 2 if the mean and variance do
not change with respect to time (13:106). A plot of the
series over time is usually one indication of stationarity.
The series is considered stationary if the values appear to
fluctuate consistently about a constant mean ard appear to
have constant variance. Otherwise, the series is considered
nonstationary and must be made stationary by means of a
stationarity transformation.

Often, the mean is either increasing or decreasing over
time. This linear trend can be treated using a technique
known as first differencing (1:26). First differencing takes
a series Y, of n cbservations and transforms it into a new
stationary series Z, of n-1 observations defined by:

2, = Y¢ T Y (2)
To illustrate this concept, consider a basic nonstationary
time series Y(t) and its first differenced stationary time

series Z(t). Since Z(t) is stationary:
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z, = p + a, (3)
where a, is a random shock associated with observation t.
Substituting z, =y, - y,, into Equation 3 yields:
Yo “Yey = 4+ Q& (4)
or Y, = K+ Y, ta, (5)
Thus it can be seen that the original series contains a
linear trend in y and is therefore nonstationary, whereas
the transformed series is stationary about the new series'
mean g which is constant.
Should the series sample mean appear to be changing at
a nonlinear rate, second differencing can be employed to
eliminate this trend. Second differencing amounts to taking
the first differences of an already differenced series
because the differenced series is nonstationary also.
Although transformac. >n to induce stationarity is
usually effective, it may only result in local periods of
stationarity. Therefore a second method for insuring
stationarity is often employed. This method seeks to limit
the sample size to the extent that the sample under
consideration is stationary.
For example, the assumption that the change in mean is
linear may only be valid for a limited time interval at
which point a new mean must be computed. Thus the time

series as a whole can be nonstationary but individual
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segments of the series, with the appropriate transformation,
can be considered stationary.

To implement this method of stationarity control
requires the discussion of a moving window. A moving window
is a segmentation device used to split a large nonstationary
time series into a finite set of stationary subseries.
According to Cohen, the simplest device is to divide the
series into segments of a constant length although more
complicated adaptive segmentation techniques can be employed
(3:101-102) .

The choice of window length 1is a tradeoff kbetween
stationarity considerations and accuracy of spectral
estimation. For instance, as the window length is increased,
lower frequencies can be estimated but at the expense of
decreasing stationarity. Window sizes of 1000, 750, 500,
400, 300 and 250 observations were considered. A
representative sample was taken and an attempt at model
fitting was made. The best model fitting occurred using a
window of 250 observations and was therefore chosen for this
analysis. This equates to a window length of 250/60 Hz or
4.167 seconds. This size window allowed spectral estimation
down to .24 Hz, within the frequency range as measured by
Chelen (4:5), and also satisfied the stationarity

assumptions quite well.
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Once the appropriate transformation and window size
were found, three fundamental time series and spectral
analysis methods were applied to the data. They were the
sample autocorrelation function, sample partial

autocorrelation function and the periodogram.

Sample Autocorrelation Function. The sample
autocorrelation function (ACF) 1is the correlation
coefficient between pairs of values of a stationary time
series X(t) that are separated by a time lag k (13:107).
Mathematically, the ACF is defined for each lag k as:

r, = (X, = X) (X = %) (6)

z(x, - EDZ

where ¥ is the sample mean of the stationary series. Because
r, is a correlation coefficient, it is restricted to the
interval: -1 < r < 1.

The ACF can be thought of as a measurement of the
linear relaticnship between points of a time series
separated by constant time lags. Typically lags of order 25
or less are computed and plotted as is true in this thesis.

Large positive values of r, imply that observations
separated by k time units are positively correlated and tend
to move together in a linear relationship. Large negative
values of r, imply observations separated by k time lags are
negatively correlated and move together in an opposite

direction. Because the values of tne ACF decrease as kK
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increases, the ACF also reflects the amount of "memory"
there is in the process under study. In other words, for an
autoregressive process, the dependence of future
observations on past observations will decrease as the
distance between the observations increases. The greater the
number of significant lags, the more memory there is in the
process. Further properties of the ACF can be found in
Priestley (13:108-110).

Examination of the behavior of the ACF can be used to
determine the subtle relationships contained in the data and
suggest possible model structure. To illustrate this idea,
consider the previous nonstationary time series whose values
are increasing linearly with time. It is obvious that each
succescsive observation is linearly dependent on the previous
one as was the one before it and s2o on. Thus the autoco-
rrelation function would have a value close to one at lag 1
and would die down slowly at increasing lags but would
remain significant even at very large lags.

This behavior can be seen in the plot of the ACF for
this nonstationary time series as in Figure 3. As discussed
earlier, a time series that exhibits a linear trend is not a
stationary process because the mean is increasing. Thus the
ACF can also be used to determine if a series is stationary
or not. Use of the ACF for model fitting will be discussed

later.
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Figure 3. ACF Plot for Nonstationary Process

Sample Partial Autocorrelation Function. The sample

partial autocorrelation function (PACF) is also used as an
aid in model determination. It is defined as the
autocorrelation ¢of the stationary time series values at lag

k with the effects of the intervening observations
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eliminated (1:43). The PACF can be found by solving the set
of Yule~Walker linear equations of lagged autocorrelations
(2:64). As was the case with the ACF, the PACF is computed
for successive lags and are plotted for interpretation. The
PACF is useful in determining the order of the
autoregressive process in an ARIMA model as will be
discussed next.

Time Domain Modeling. The ACF and PACF are typically

the principal tools used to determine the nature of the
model that describes the process that has been sampled. The
ARIMA model, for Autoregressive Integrated Moving Average is
a forecasting technique that fits significant behavior in
the ACF and PACF in order to model the underlying structure
contained within the data (2:174-178).

An ARIMA model contains autoregressive (AR) and moving
average (MA) operators. Assuming a stationary series Z(t),
the model takes the following mathematical form:

9p(Bl2, = § + o.(B)a, (7)
where ¢(B) and @(B) are polynomials of the backshift
operator and § is a constant term. The backshift operator
(B), operates on the succeeding variable by reducing its
subscript by the order of the polynomial term.

The process of model fitting begins with an
interpretation of the ACF and PACF to determine the type and

order of the model. After a tentative identification has
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been made, the appropriate parameters are estimated. The
model is uniquely determined by the set of estimated
parameters (¢,0).
An AR model of order p takes the form:

(1 - ¢B - ¢,B -... - ¢B")z, = 6 + a (8)
or z, = 6 + P12,y * P2, + ... F ¢psz + a, (9)
This model expresses the current value of the series as a
linear function of previous values at lags up to the order
of the model plus a random element, a,. An AR model is
usually indicated if the ACF shows signs of a mixture of
exponential decay and damped sine waves while the PACF shows
non-zero spikes at lags up to lag p and goes to zero after

lag p.

The MA model of order g takes the form:

z,= 6+ (1 -9B-6,8 - ... -O8%a, (10)

or z, =6+ a, -Ba,., -6,a., - ... —eqat_q (11)
This model expresses the current value of the series as a
function of previous random elements up to order g. The MA
model is indicated if the PACF shows signs of exponential
decay and damped sinusoids while the ACF exhibits non-zero
spikes at lags up to lag g and goes to zero after lag q.

A mixed ARMA model of order (p,q) contains both AR and
MA terms. The basic form of the model was shown earlier in
Equation 6. This model is usually indicated if both the ACF

and PACF show signs of exponential decay.
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A tentative model identification is made based on the
rules already discussed. This model then acts as a filter
and is passed through the data which results in a new time
series containing the residuals of the model fit. The
resulting ACF and PACF of the residuals are computed and
analyzed for further significant behavior. The goal is for
the residuals to be white noise for a model to be adopted.
The reason for this is that the underlying assumption is
that the sampled series was originally a white noise process
that had been transformed by the linear filter of the model
in question. If the series can be filtered back to a white
noise process, then the correct model has been found (2:18).

Although the goal of much ARIMA modeling is the actual
forecasts, direct interpretation of the ACF and PACF can be
used to gain important insight to the process that gave rise
to the sampled series. For instance, unknown seascnalities
and periodicities within the data may turn up only by direct
examination of the series using these tools. Thus to a
limited extent the sample ACF and PACF can reflect changes
in an underlying model without actually fitting a model to
the data. This macroscopic viewpoint enables quick
identification of model trends and changes if a succession
of results from imoving windows are observed.

This was accomplished by plotting the ACF and PACF of

each window as a function of time. Because the behavior of
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the ACF and PACF determine the nature of the model, any
change in the underlying model will manifest itself as
changes in one or both functions. Both regularities and
irregularities across the windows can be highlighted. This
method was tested on several random windows. Preliminary
models were identified based on visual inspection of the ACF
and PACF. A model was then fit and compared with the
original model. The two models agreed closely enough that
the visual inspection method was deemed adequate for use in
model detection of large samples of data.

Frequency Domain Modeling. Another method for

detecting model change is to analyze the data in the
frequency domain. The underlying assumption is that a
stationary series can be decomposed into the sum of
sinusoids of the form (13:390) such that:

X, = T Ajcos(w;t + ¢;) (12)
where the ¢, are phase shifts randomly distributed on the
interval (-w,m), A; are the amplitudes, and the w; are the
frequencies of the model that need to be estimated. Since
these frequencies are usually unknown, they must be
estimated by means of a periodogranm.

The periodogram is a search technique that estimates
the squared amplitudes of the sinusoids at a specified,

discrete set of frequencies. These frequencies correspond to

harmonics of the fundamental frequency w, = 27/n where n is
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the number of observations. The periodogram then is the plot
of the squared amplitudes of the frequencies defined by:
w, = 2ri/n  i=0,1,2,...,n/2 (13)
Hypothesis testing is used to determine the significance of
each frequency. This is done bv testing the value of tre
largest peak (13:406). Under the null hypothesis of no
periodicities, that is all A, =0, the test statistic:
g = max(I;) (14)
£I,
where I, are the computed ordinates of the periodogram, will
be close to zero. A significant value of g invalidates H, in
favor of H, that a periodicity does exist at the frequency
given by the largest peak. The test can be repeated for
subsequent smaller peaks by substituting in the next smaller
value of I and summing over the remaining frequencies. Thus
the underlying frequencies of the periodicities can be
found. Just as the parameters of anr ARIMA model determine
the nature of the model in the time domain, so do the
harmonics contained in the periodogram define the series in
the frequency domain.
The periodogram can also be viewed as an estimate of
the series' spectral density function (SDF). The SDF is a
measure of the distribution of power over a range of

discrete frequencies. Because the normalized SDF is the

Fourier transform of the ACF (13:216), changes in this
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function should reflect similar changes in the time domain
model. The periodogram can therefore be used as an aid in
confirming the significance of model changes that were found
using time domain modeling techniques and representing them

from another perspective.

Image Processing

The display of a typical windowed ACF, PACF or
periodogram resulted in a surface plot of between 2000 and
56000 points. The reason for this large amount of data lies
in the windowed nature of the function. For example, the
windowed sample autocorrelation function (WACF) is a two
dimensional matrix that is formed by stacking the ACFs over
time for each window as a row in the matrix. Each row
contains the computed correlations for that window. Each
column represents the set of lags computed across all the
windows. Thus an n x k matrix is formed that is n windows by
k (25) lags in dimension. The entries in the matrix
represent the kth lagged correlation within the nth computed
window in the sample.

This matrix can then be plotted to observe the subtle
changes that occur over time. The resultant plot of the data
represents the surface that is formed by the intersection of
the correlations with each other and across the windows over

time. Figure 4 shows an example of an ACF surface plot. This
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method of display allows interpretation of the relationships
among the windows as they change over time. The disadvantage
of this method comes about because of the amount ol
information that can be obscured from the viewer because of
the 3-dimensional nature of the plot. A 2-dimensional analoa
to this display is needed in order to view all the windows
at once without obscuring any of the data. This was
accomplished by converting the surface plot into an image.
The method was to turn a two dimensional data
array into a displayable image file. Each two dimensional
array contained values that were normalized and revalued
according to a 256 level scale. These values correspond to
the 256 shades of gray supported by the display and printing
algorithms. The result is a two dimensional gray scale image
that contains the same information as the three dimensional
surface plot. Because the resulting image is two dimensional
as opposed to the plot, data are not obscured and all the
windows of the series can be interpreted simultaneously.

A sample ACF image is shown in Figure 5. The image is
the result of stacking successive windows of independent
sample autocorrelation functions. The horizontal axis gives
the lag number with increasing lags from left to right. The
left vertical axis corresponds to the window number of the
sampled series with increasing numbers (time) going up. The

right vertical axis gives the subject reported symptom level
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Sample WACF Plot

Figure 4.

for comparison of model effects with symptom onset.

(SSL)

Thus the lower left corner pixel gives the lag 1 correlation

for the first window corresponding to the subjects'’

Likewise the upper right pixel gives the

asymptomatic level.
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value of the lag 25 correlation for the final window
corresponding to frank sickness (emesis).

This image contains the same data as displayed in
Figure 4. By comparison of the two, it can be seen that the
darker regions cf the image correspond to negative
correlation levels and the whiter areas correspond to
positive levels of correlation. The shade of the white or
dark pixei is an indication of the absolute value of the
correlation level. For instance, darker pixel values
indicate a more negatively correl=ted series whereas the
whiter pixel values indicate a more positively correlated
time series.

Interpretation of these images is straightforward. The
problem is simply a matter of pattern recognition.
Significant pehavior manifests itself in the form of
striations. The goal then is to highlight the striatiors
that are regularities in the underlying model and ti.ose that
might appear as artifacts if viewed singly. The more intense
the shade of the striation, the more significant the effect.
These striations can be either vertical or horizontal.
Vertical striations indicate continuing correlation among
one lag throughout several windows in time. This is
indicative of a long duration periodicity within the data.
Horizontal striations give an indication as to the degree of

memory in the process or stationarity of the data. In other
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Figure 5. Sample WACF Image

words, as the length of the horizontal striation increases,
higher and higher order lays remain significantly

correlated. This behavior is valid for that window only,
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however, should it persist, it may be an indication of a
model change or shift from periodic to nonperiodic behavior.
To illustrate these ideas, again consider Figure 5.
There appear to be two regions of correlation behavior. The
windows 39 and below show no significant behavior and would
suggest a possible white noise process. Windows 40 and above

show signs of an abrupt model change in which the process
has a significant amount of memory as lags up to 10 appear
significant. This would indicate either an autoregressive
model or possible nonstaticnarity of the data. The behavior
can also be seen somewhat in Figure 4. but is less dramatic
than the image presentation. Furthermore, the true degree of
variability in the overall pattern is lost.

The relationship between correlation and image can be
seen further in Figure 6. Figure 6a is a plot of lag 1 for
each of the 79 windows of the series. Comparing this to
previously discussed behavior of Figure 5 illustrates how
the correlation values increase with increasing whiteness of
the image pixel. Figure 6b graphically illustrates the
change in correlation and possible model change that occurs
between time windows 39 and 40.

Because the image is superior for use in structure
interpretation, only the image will be provided for the time
domain functions. The previous images will now be defined as

the windowed sample autocorrelation function (WACF) and the
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windowed sample partial autocorrelation function (WPACF).
The reason for this distinction is to further stress the
idea that the image is the direct result of the stacking of
their respective functions from successive windows in time.
The windowed periodogram will still be discussed but is
not presented as an image. The image technique was not as
useful in this case due to the much larger rang- of
amplitudes allowed. Imaging is at its best when the levels
to be imaged are relatively consistent in relative level.
(Remember the ACF and PACF are limited to between plus and
minus one.) Techniques sucn as "stretching" can be used to
highlight specific aspects of the periodogram. Stretching
limits the number of grey scales to an interval where unique
aspects can bhe seen. All behavior that occurs outside this
interval is then effectively blacked-out thereby limiting
its usefulness to strictly highlighting and not
interpretation. This technique was not employed here, rather
the images are all presented in their pristine form with all

256 levels allowed.

Multivariate Time Series

Multivariate time series deals with the interactions
that may exist between two or more related time series. To
model the effects one time series has on another requires

the use of a transfer model. A transfer model predicts
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future values of a dependent time series based on past
values of both the dependent and independent time series
(1:;343).

The device used to establish the linear relationships
that exist between two stationary time series is the sample
cross-correlation function (CCF) (1:351). Consider a
dependent time series Y, and an independent time series X,
that is hypothesized to have a causal relationship with
series Y,. The CCF measures the linear relationship between

Y. and X, for each lag k. This is represented

k

mathematically as:
r, = (v, = V) (X = ) (7)

[Z(y, - Mm% 2%, - ©%"?
t t

where X and y are the respective series' means.

The CCF is then a plot or listing of the computed lags
as was the case with the ACF. But unlike the ACF, the CCF
plots the 2k+1 values -k, -~-k+1, -k+2,...,-1,0,1,..., k-2,
k-1, k. The reason for the negative lags 1is that both feed-
forward and feedback relationships can exist between the two
series. Significant positive lags imply that series Y is
related to past values of series X at the significant lag.
Significant negative lag values imply that series X is
related to past values of series Y at ‘he corresponding lag.

Shou.id the originel hypothesis be true, only positive

lags will be significant indicating a feed-forward
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relationship from series X to series Y. Negative lags negate
the null hypothesis in favor of the alternate hypothesis
that a feedback relationship exists from series Y to series
X. The presence of both positive and negative lags would
imply that both a feed-forward and feedrkack relationship
exists. Thus direct interpretation of the CCF can be used to
gain insight into the relationships that exist between the
two time series and how these relationships change over
time.

When fitting transfers functions, the output series is
typically prewhitened by the input series and the input
series similarly whitened. This is ordinarily done to
minimize correlations that result due to the "unwhitened"
effects of the input series. These effects are of interest
in this research as they give an indication as to the
significance of any feed-forward feedback relationships that
are indicated by striations in the resulting image. Thus the
CCF 1s computed given the original stationary series.

As was the case with the univariate functions, the CCF
is also displayed as an image. The same windowing technique
is used and the CCFs are similarly stacked over time.
Therefore the WCCF is the image representation of the
windowed cross-correlation function used to interpret the

multivariate relationships.
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IV. Results

The results chapter will be presented in four sections.
The first section covers the interpretations of the
univariate time series associated with the placebo trial of
the primary subject. Section two covers the interpretations
of the univariate time series associated with the Dilantin
trial of the primary subject. Section three contains the
interpretations of the multivariate time series associated
with the brain data for the placebo trial. The final section

contains the analysis for the additional twu cukjects.

Univariate Analysis of Placebo Treatment

Four physiclogical channels were analyzed for the
placebo trial. They were four of the five brain channels
(EEG1A, EEG1B, EEG2A, EEGZ2B). Channel EEG1C data were not
collected due to equipment trouble. The analysis and figures
follow for the first case, channel EEG1A. Fcr each
subsequent channel, the analysis follows but its related
plots and images can be found in the Appendix. All plots and
figures are referenced ty figure number.

The placebo trial lasted approximately 6 minutes from
the beginning of head motions to frank sickness (emesis).
The run is summarized below in Table I. The SSL is the
subject symptom level that relates the subjective condition
of the subject. Major symptoms are noted as well as the time
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of occurrence. All data are referenced to the applicable
sample window to which it is associated with.

Table I Summary of Placebo Trial
. ________________________________________ ]

Time (SEC) SSL Window # Symptoms

0 ASYM 1 NONE

20 1 4.8 NONE

50 2 12 Queasy stomach

90 4 21.6 Increased queasiness
120 6 28.8 SAME

150 7 36 Starting to sweat
200 8 48 SAME

270 9 64.8 Stomach churning

330 FS 76.8 Emesis

EEG1A (Midline Frontal). The raw data are given as the

top plot in Figure 7. Note the dramatic change in the
amplitude a..d variance oI the data approximately 171 seconds
into the experiment. This is indicative of a possible model
change. Although difficult to tell from the plot, the raw
data do not have a constant mean. First differencing is
applied to the data and the resulting stationary series is
displayed at the bottom in Figure 7. It can be seen that
this series is stationary about zero. It is this differenced
series that the analysis is conducted.

Analysis of the WACF image shown in Figure 8 confirms
the presence of two distinct model regions. The WACF for
windows 1-40 individually show little significant behavior
and are indicative of a white noise process. Windows 41-79

show significant positive correlations among lags 1-10 that
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persist for the duration of the experiment, indicating a

transition towards nonstationarity or the development of an

autoregressive process.
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Figure 8. EEG1lA WACF Image
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This behavior is consistent with that found in the
WPACF image as pictured in Figure 9. Although the general
shape of the WPACF remains the same throughout the
experiment, the lag 1 correlation values follow the pattern
set by the WACF. Windows 40 and below exhibit behavior
consistent with a white noise process while windows 41 and
above are dramatically more positively correlated and
indicate an autoregressive order 1 process AR(1l). Lags 2
through 5 also appear to be more positively correlated
following window 41 and may indicate a higher order AR
model.

Thus it can be seen that the underlying process has
undergone an abrupt model change during window 41. This
occurs approximately 171 seconds into the trial and
corresponds to the point midway between SSL 7 and 8.

A vertical inspection of the WACF and WPACF images
highlights a mild periodicity at lag 10. Because one lag
represents 60" sec, a lag 10 relationship corresponds to a
a period of 1/6 sec or a frequency of 6 Hz. (Because the
sampling rate is constant throughout the analysis, this
relaticnship will always hold.)

The frequency of 6 Hz represents the midrange of the
theta wave activity of the brain, usually 3-8 Hz (4). Theta
waves are normally produced by the brain with increased

production of these waves usually associated with a slowdown

49




T1ndoy Numbel Subject Syaptom Level
]

9 1
"

5

L]

4

1

iU

16

<o

Figure 9. EEG1A WPACF Image

of the brain (4). For example, theta waves increase as the

brain enters the sleep state. Note the striation appears in

both the WACF and WPACF but is more predominant in the WACF.

Also note that the striation becomes more positively
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correlated as time goes on. This could indicate a
strengthening of the signal accompanied by a subsequent
increase in theta wave productio. and a resulting slowdown
in brain activity.

The presence of a model change at window 41 is
confirmed by analysis in both the frequency domain and the
raw data. The periodogram plot for EEGlA is given in Figure
10. The plot shows the varying nature of the frequency
distribution as it changes over time. The x-axis plots the
relative freguency with increasing ordinates representing
increasing harmonics of the fundamental frequency. The y-
axis plots the window number with increasing ordinates
representing the experiment elapsed time (each window is
4.167 sec). The z-axis plots the squared amplitude of the
normalized frequency.

The periodogram shows a dramatic shift in low frequency
power corresponding in time with the model change in the
time domain. Windows 1-40 show a flat spectrum indicating no
periodic elements are present. Tests on the significance of
the highest peaks in these windows fail to reject H, that no
periodicities exist. Windows 41 and up, however, display a
significant shift in power to frequencies between .24-1.2 Hz
with correspondingly large amplitudes. Tests on these peaks
yield significant values and it is concluded that low

frequency high amplitude periodicities do exist.
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evidence in the periodogram, it is concluded that the lag 10
periodicity may not be a true one. This serves to illustrate
the power of the time domain imaging technique since very
weak harmonics can still be identified and highlighted.

EEG1B (Midline Parietal). The data for EEG1B were alsoc

nonstationary and first differences were used to prcduce
local stationarity. The plot of the observations and
differenced data can be found in Figure 11 in the Appendix.
Looking at the raw data, there does not appear to be an
abrupt model change as was present in channel EEGlA. The
dominant characteristic of this data are the several areas
of motion artifact that can be seen between observations
15000 and 20000. This is especially noticeable in the plot
of the differenced data. The artifact is caused by extreme
motions of the head and results in abnormally large
voltages. These false voltages appear in the WACF plot as a
light horizontal striation that has a width equal to the
time duration of the artifact and usually does not repeat
itself.

The EEG1B WACF in Figure 12 also shows signs of four
strong motion artifacts. The location of the striations
correspond to the four noticeable artifacts as seen in
Figure 11. Note that the duration of the artifact
corresponds to the width of the striation and appear to

increase in duration as the experiment progresses. The first
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artifact at window 44 has a duration of one window, the
second is at windows 54-55 and the third covers windows 60-
62. The final artifact occurs at windows 69-73 has a
duration of about 1100 observations and the corresponding
striation appears five windows wide.

Strong evidence of periodic behavior is noted in the
four wide vertical striations. They are centered around lags
5, 10, 15 and 20 and indicate a possible seasonal model of
order 5. This corresponds to a periodicity of 12 Hz that may
be correlated to normal brain activity. The 12 Hz signal is
indicative of an alpha wave. lhe striations appear to be
strengthening over time. As the eye averages these
striations across all the windows, a pattern is suggested.
The pattern suggests increasing strength of the periodicity
and its harmonics over time.

The WPACF displays similar behavior and is given in
Figure 13. The same periodicities are present but not as
well-defined early on as in the WACF. The striations do
strengthen and increase in definition as the window number
increases. As was the case with the WACF, no indications of
an abrupt model change are present. In conjunction with the
WACF it appears the underlying moudel is either white noise
or a weak AR(l) process with a definite seasonal operator at
lag 5. The seasonal model increases in strength over time

and may approach nonstationarity at the seasonal level. Thus




it appears the model is changing at the seasonal level. This
change appears as gradual increase in correlation of the
harmonics of lag 5. Because the change 1is gradual, no break
point can be determined between the sick and well models as
was the case in channel EEG1A. Thus motion sickness appears
to affect thic brain channel by altering the seasonal
behavior of the data.

The periodogram as given in Figure 14 does not appear
to display a power distribution shift similar to that seen
in channel EEGlA. Four regions of low frequency power shifts
can be seen but are not representative of the seizure
discussed earlier. The shifts are not limited to the same
low bhandwidth (.24-1.20 Hz) and appear only in those windows
containing high motion artifact. A vertical ridge can be
seen across frequencies 46-47. Tests confirm the
significance of this periodicity that correspond to 2
frequency of approximately 11 Hz. This confirms the
periodicity noted in the WACF and WPACF. The amplitude of
this periodicity appears to increase over time as the ridge
increases in height as the window number increases. This
confirms the strengthening of the periodicity associated
with the model change.

Thus it is concluded that this channel does not exhibit

an abrupt model change but instead exhibits a gradual

increase in the strength of its seasonal component. The




significant periodicity associated with the seasonal
behavior may be attributable to increased midrange alpha
wave activity.

EEG2A (Left Temporal). This is an incomplete channel

because the data were lost following the 56th window due to
equipment failure. The raw and differenced datw are given in
Figure 15. A model change may have occurred around
observation 11000 (window 44). The signal appears to have a
lower frequency than the previous observations as seen in
the EEG1A data. This is difficult to determine because of
the presence of motion artifact. The situation is made even
more difficult by the presence of a clipped signal over the
last 600 observations as the sensor output peaked prior to
its failure. Thus the final two or three windows may be
invalidated due to sensor malfunction.

The WACF is given in Figure 16. With *he exception of
the final three windows, the WACF remains unchanged. Windows
48, 45, 41 and 39 show signs of mction artifact. The
periodicity seen in EEG1B is also present here and is
centered on multiples of 5.5 lags. This corresponds to the
same 11 Hz frequency as seen earlier. The strength of this
activity appears remaiin constant.

Figure 17 contains the WPACF and supports the analysis
of the WACF. A strong positive correlation at lag 1 appears

and increases over time as does a negative correlation at
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lag 2. This pattern remains unchanged and is indicative of
either an AR(1l) or AR(2) process. The same periodicities can
be found as in the WACF but are less well-defined.

The periodogram given in Figure 18 confirms the
analysis of the time domain. No model change is indicated
prior to window 52 where the sensor output becomes suspect.
The only significant peak prior to this occurs along the
ridge centered on frequency 46. This is a frequency of 11 Hz
and confirms the presence of a significant periodicity
within the alpha wave region of normal brain activity.

EEG2B (Bilateral Frontal). The raw and differenced

data are given in Figure 19. Two model regions are obvious
in the raw data plot. A motion artifact can be seen between
observations 11000 and 12000.

The WACF and WPACF given in Figures 20 and 21 exhibit
behavior nearly identical to that previously seen in the
EEG1A data. A dramatic model change occurs at window 46 in
the WACF and 1is characterized by significant positive
correlations among lags 1 through 10. A faint periodicity
can be seen at lags 10 and 11 that increase in strength
i1fter window 46. A lag 10 periodicity is a frequency of 6 Hz
which is in the midrange of theta wave production of normal
brain activity.

The WPACF is characterized hy both a strong positively

correlated lag 1 and negatively correlated lag 2 prior to




the model change. Window 46 and subsequent windows indicate
much higher correlated lag 1 values and associated shift in
lag 2 to positive correlations. This can be interpreted as
shift from an AR(1l) model to a nonstationarity that must be
second differenced to re-introduce stationarity. The lag 10
periocdicity is present but faint.

Figure 22 shows the shift towards the high amplitude,
low frequency pericdicities seen in the later windows of the
periodogram. This point corresponds to the change seen in
the time domain model at window 46. The 6 Hz periodicity is
not supported by the periodogram. No noticeable ridge occurs
at frequency 25 (corresponding to 6 Hz). Furthermore, ro
periodicities are significant (all A, are zero) prior to the
model change at window 46.

In summary, four of the five brain channels were
analyzed for the placebo trial. One of these channels
remained unchanged while the other three channels can be
described as being driven by more than cone independent
process. Two types of model change were found.

The first type has a well model that is characterized
by few significant correlations usually at lags 2 or less
and a periodogram with no significant periodicities. This
will be called the pre-sickness model. The post-sickness

model is characterized by significant correlations at much
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higher lags and a shift in the periodogram towards high
amplitude, low frequency components.

This behavior has been previously described as a
seizure equivalent and is usually indicative of the terminal
phase of motion sickness (4:8). The seizure can be seen to
be a nonlocalized event because its movement can be traced
throughout the brain by observing its occurrence among the
five brain channels.

The seizure appears to begin in the frontal cortex and
propagates through the brain in a counter-clockwise
directicn. A definite time lag for the propagation can be
measured between the appearance in one brain channel to the
appearance in the next. These movements and lags are
summarized in Table II. The seizure was confirmed for
channels EEG1A and EEG2B. Channel EEG2A was inclu-ded for
comparison only since confirmation of the seizure could not
be made, however, the presence of a model change was
indicated in the data prior to sensor cutage.

Table II Propagation of Seizure Signal-Placebo Trial
L]

Channel Location Time (SEC) Lag (SEC)
EEG1A Midline Frontal Cortex 171 0
EEG2B Bilateral Frontal Lobe 192 21
EEG2a Left Temporal Lobe 217 () 25 (?)
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The second type of model change was not as abrupt.
Motion sickness can also manifest itself as a gradual change
in the seasonal components of the mudel. Both pre-sickness
and post-sickness models are fit with a seasonal model. It
i3 the strengta or the seasvnal pericdicitiess that changes
as a result of the stimulus in the experiment. Because this
change occurs over time, a clear division between the two
cannot be determined as seen in the other channels.

It appears the motion sickness generator may be
resident within the frontal cortex in this subject and has,
as its primary output, a low frequency seizure equivalent
that does not remain localized. The results of this seizure
are the symptoms normally attributable to motion sickness

(4:8).

Univariate Analysis of Dilantin Treatment

The Dilantin treatment was analyzed to determine what
effect the anticonvulsant has on suppressing the seizure
noted during the placebo trial. This trial lasted
approximately 14 minutes, a 233% improvement in performance
attributable to the drug treatment. Table III gives a
summary of the experiment including symptoms and subject
sickness level and is followed by the anaiysis 2f the four
brain channels. Channel EEG1C was not collected because of

an equipment malfunction.
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Table III Summary of Dilantin Triai

Time (SEC) SSL Window # Symptoms

0] ASYM 1 NONE

120 2 26.8 Queasy stomach

160 3 38.4 More queasiness

250 4 60 Cold feeling in legs
420 5 100.8 Sweating

840 FS 201.7 Emesis

EEG1A (Midliunue Frontal). The increase in trial

duration results in a greater number of windows to analyze.
This makes the analysis a little more dirficuvlt because to
fit mnre windows within the same space, the windows are
reduced in size. Thus the resultant pixel associated with
each correlation value remains the same length but is
proportionately smaller in height. The added benefit is that
the additional data will tend to smooth the images and
therefore highlight the more significant characteristics.

The raw and differenced data plots are given in Figure
23. There is an obvious model change approximately one-third
of the way into the experiment. The change is characterized
by high voltages with greater variance. The differenced data
show three obvious areas of motion artifact around windows
24000 (window 96), 26000 (104) and 39000 (156).

The WACF and WPACF for are given in Figures 24 and 25

respectively. As indicated in the data plot, the WACF
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exhibits signs of two distinct model reagions. The first

region, windows 1-69, shows no significant correlations. The
second region consisting of windows 70 and up, appear to be
driven by a new process characterized by high positive
correlations up to lag 12. This occurs 292 seconds into the
trial and corresponds to the point where the subject first
reported a cold feeling in his legs. The WPACF similarly
exhibits more highly correlated lag 1 values in windows 70
and up. A weak vertical striation appears centered on lag 6
(10 Hz) indicating a possible alpha wave class periodicity.

It appears the data were originally driven by a white
rioise process until the point of sickness where the model
becomes either an AR(1l) process or a nonstationary process
that requires second differencing to correct. This behavior
continues for the duration of the experiment.

The periodogram given in Figure 26 confirms the
presence of two model regions. As seen previously, the three
motion artifacts dominate the plot because of its high power
and long spectrum. The unaffected windows exhibit the
characteristic seizure spectrum of high amplitude
periodicities among the frequencies .24-1.2 Hz. Note the
time before model change increase from 171 to 292 seconds
between the placebo and Dilantin trials, an increase of

approximately 2 minutes. The presence of a 10 Hz periodicity
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is not confirmed by the periodogram. The first significant
peak does not occur until the model change at window 70.

EEG1B (Midline Parietal). The appearance of two model

regions is obvious in the plot of the raw data in Figure 27.
The change occurs approximately 266 seconds, or 16000
observations into the trial. The change is characterized by
higher voltage signals with greater variance about a less
constant mean. The differenced data highlight some possible
motion artifact between observations 15000 and 30000.

The WACF given in Figure 28, however, is unique in that
the second model region does not appear to continue
throughout the trial. A model change is indicated at window
65, approximately 271 seconds into the trial, because of
increasing correlations among lags 1-6. This behavior
disappears at window 162, after a duration of 404 seconds,
at which point the previous model regions' behavior resumes.
A periodicity exists, centered on lags 5 and 6, that
corresponds to the previously discussed alpha wave region.
These signals appear to increase in strength with time.

The WPACF in Figure 29 is unremarkable and changes
little over time. It is characterized by a strong positive
correlated lag 1 and strong negatively correlated lag 2. No
periodicities are indicated. In conjunction with the WACF,
it appears the first region can be modeled by a low order AR

model or white noise process. The second region is
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characteristic of an AR model with more significant terms
giving way to possible nonstationary behavior. The original
model region then reappears following window 162.

The periodogram is given in Figure 30. The
characteristic low frequency shift is present at window 65
coinciding with the model change in the time domain. The
shift continues for the duration of the experiment. Although
the peak of this signal occurs at lag 120, the subject was
capable of continuing the experiment for another 80 windows
reporting only mild symptoms before thie rapid onset of
emesis. The time before seizure onset also increased from
225 to 271 seconds. These effects can be attributed to the
effects of the drug Dilantin.

EEG2A (Left Temporal). This channel was cut short

approximately 6 minutes into the trial due Lo equipment
failure. The raw data up to that point can be found in
Figure 31. As can be seen there it is difficult to determine
from the raw data alone, whether or not a model change has
occurred prior to sensor failure.

Examination of the WACF given in Figure 32 indicates
the presence of two possible model regions. A white noise cr
low order AR model is indicated in the windows 1-52. Windows
53 and above are characterized by strong positive
correlations at lags up to 6 and beyond. An AR model or

possible shift toward nonstationarity is indicated in these
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windows. A vertical striation centered on lags 5 and 6
represents . periodicity of 11 Hz that appears to strengthen
over time. The WPACF in Figure 33 is remarkable only for its
consistency. It remains consistent with the idea that the
underlying process is autoregressive in nature. The lag 2
correlation becomes less significant after the model change
indicating a shift from an AR(2) to an AR(1l) process. The 11
Hz periodicity is present and also appears to strengthen as
the window number increases.

The periodogram given in Figure 34 shows the presence
of the high amplitude, low fregquency components indicative
of the seizure equivalent discussed earlier. The presence of
this signal from the outset of the trial is probably due to
the anticonvulsant Dilantin. This was not a whoily
unexpected result, since one of the effects of the drug is
to stimulate the very signals that it attempts to keep under
control (1). As long as this behavior remains localized and
does not spread, the effects of motion sickness can be
tolerated.

The peak power of the low frequency signals increases
at the window in which the model change was noted in the
time domain. This may be due to the added frequency shift
normally seen coincident with the model change added to the

alpha activity attributable to the effects of Dilantin. The

65




11 Hz periodicity is confirmed by the presence of a
significant ridge at frequency 46 (11 Hz).

EEG2B (Bilateral Frontal). This channel also suffered
a loss of data at approximately 6 minutes into the trial.
The loss of these two critical channels plus the lack of
data for channel EEG1C underscores the importance of
reliable sensors on the successful interpretation of the
results of the experiment. The raw and differenced data
plots are given in Figure 35. Evidence of a model change can
be found in the observations about halfway through the
series. The data appear to decrease in frequency accompanied
by an increase in variance about its mean.

In this case the WACF and WPACF given in Figures 36 and
37 respectively, are nearly identical in nature to those for
channel EEG2A. The same analysis applies with the model
change occurring in window 64. The now common 11 Hz
periodicity is present in both the WACF and WPACF.

The periocdogram as shown in Figure 38 exhibits the same
high amplitude, low frequency components that are present
from the outset of the experiment as was the case for EEG2A.
The power associated with these signals does not remain
constant, however, as Figure 39 illustrates. This is a plot
of the first five harmonics of the periodogram plotted
across all the windows. A slight linear trend indicates the

power is increasing with time among the first five harmonics
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of the periodogram. The 11 Hz periodicity is confirmed by
the presence of a ridge at window 46 in the periodogram.

In summary, all four of the brain channels analyzed
exhibited a significant model change indicative of a motion
sickness-induced seizure equivalent. It is interesting to
note that they are the same three channels that exhibited
this behavior in the placebo trial.

The effects of Dilantin were readily apparent as the
time before emesis was increased substantially and time
before model change increased an average of 67 seconds.
Furthermore, two channels contained from the outset, those
frequency components usually asscciated with the onset of
motion sickness. The power levels of these components were
much smaller than those previously seen in the placebo
trial. These components are due to the effects of Dilantin
that slow other brain patterns down into the delta and sub-
delta region (3). Once again, the seizure can be t acked by
following its appearance in the affected channels. Table IV
summarizes the path by affected area, time of occurrence and
lag between occurrences. The seizure appears to move
clockwise beginning in the left temporal lobe and ending in
the midline frontal cortex region. This migration takes
approximately 71 seconds.

It is interesting to note that the direction of

propagation of this signal is , the opposite direction to
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Table IV Propagation of Seizure Signal-Dilantin Trial
“

Channel Location Time (sec) Lag (sec)
EEG2A Left Temporal Lobe 221 0
EEG2B Bilateral Frontal Lobe 267 46
EEG1B Midline Parietal Lobe 271 1
EEG1A Midline Frontal Cortex 292 25

that seen in the placebo trial. No explanation for this
behavior can be found becausz both trials were spun at the

same rate and both were spun counter-clockwise.

Multivariate Analysis

The multivariate analysis was employed using the
placebo data to confirm the hypothesis that the seizure
originates in the frontal cortex and spreads from there.
Should this be true, the WCCF would indicate a high
correlation between the two affected channels at the point
of signal transfer. The WCCF was computed for the six
combinations of the four brain channels taken two at a tire.
The results were surprising.

During the analysis of the WCCF, a new source of
artifact was discovered. All WCCF images exhibited the sare
periodic pattern as seen in the WCCF in Figure 40. The

image gives the lag -25, -24, ... -1, 0, 1, 2, ..., 24, 25

cross-correlations between channels EEG1A and EEG1B for the




79 windows of the trial. The same pattern repeats itself
like clockwork every five lags. This pattern is too periodic
and repetitive to be physiclogical in origin (10).

The hypothesis is that a low frequency (.05 Hz) signal
component 1s introduced into the data from the Beta recorder
or video tapes. The correlation pattern develops as a result
of the sampling software that acts as a multiplexer and
introduces the artificial correlations. The correlations arsz
artificial because they are the results of noise correlated
to noise and are not indicative of any true periodicities in
the data.

This hypothesis was confirmed by sampling three
channels of the same data. If the hypothesis was trus, the
same pattern would appear but with a cycle of three lags.
This was accomplished and as expected, the pattern appeared
with a cycle of three lags.

Some conclusions can be drawn from these images, even
though the main characteristics are noise-related. The plot
in Figure 41 is the plot of the WCCF image. The x-axis 0
corresponds to lag -25 and 51 corresponds to lag +25. Note
the values of the cross-correlations given on the z-axis.
The maximum absolute value plotted is .015. The minimum
statistically significant correlation for a sample size of

250 observations is .063. Thus all the cross-correlations
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across all windows are not considered statistically
different from zero.

The conclusion to be drawn is that neither channel has
a significant effect on the cther. Under the null hypothesis
that no relationships exist, the expected WCCF is
identically zero. Because the WCCF shows no cignificant
correlations, H can not be _ejected. This was the case for
all six WCCF images. A seccnd WCCF image, that computed for
EEG1A/EEG.B is shown in Figure 42. Note the same replicating
five lag pattein.

The lack of a relationship amor.g the channels can also
be seen ry visually inspecting the data. Items of interest
are when two or more series line up over time or exhibit the
same shape separated by a time lag. The data can be
inspected by creating an image similar to that done for the
WACF and WPACF. An array is built that contezins one column
of data for each brain channel. The array is then converted
into an image file that displays the data as a continuous
color bar that reflects the original data. Such an irage 1s
given 1in Figure 43.

The image given in Figure 43 shows the data taken for
the four brain channels of the placebo trial. The x-axis is
the image representation of the observations with increasing
observations going from left to right. Tne y-axis 1is divided

into four sections, one for each channel. It is difficult to
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see any obvious lining up of patterns in the observations
across two or more channels. The striations appear to be
independent of any activity in the other channels. Note that
for the two channels in which the model change was confirmed
(EEG1A, EEG2B), an obvicus change in pattern can ke seen.

Thus it can be concluded that no lead-lag relationships
exist between the brain channels of the placebo trial.
Although the seizures appear in three separate brain
channels, there is no evidence to suggest that the
appearance of the seizure in one channel directly influences
its appearance in any other channel.

This was also accomplished with the four channels of
data for the Dilantin trizal. The image given in Figure 44 1is
strikingly different from the image generated with the
placebo data. The number and variation of the striations are
significantly greater. The striations, indicative of
pericdic behavior and pr=sent from the start, are prokably
due to the introduction of Dilantin. These were not
recognizable in the placebo trial until after the model
change.

Channels EEG2A and EEG2B appear to be candidates for a
multivariate model. A large section of tne two data sets
line up fairly well except for a slight lag between them.
This may be due to the inaccuracies of starting the recorder

at the exact place for each channel. To determine the true
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presence of a transfer model, the two channels were re-
sampled at the same time. (Because the software samples onl'
in multiples of 100 Hz, three dummy channels were also
sampled in order to keep the sampling rate at 60 Hz.)

The resulting WCCF image is shown in Figure 45. The
characteristic five lag repetition is cleariv obvious as was
seen in the placebo data. The correlations, however, are
much stronger than those computed for the placebo data. The
cross-correlations vary between -.2 and +.5 indicative of a
strong relationship between the two channels.

The results are questionable because the correlations
previously atciiibutable to the noise of the recorder and
sampling software were placed between -.02 ana +.02. If this
were true then the correlaticns of the real process should
have overshadowed the strict periodic behavior and the true
WCCF wou! . have shown through. Since this is evidently not
the case, it 1is difficult to determine exactly how much of
the correlation is due =o either the true process under
study or tha artificial correlation of the newly discovered
noise procens. For now, it is obvious trat the WCCF imauge as
shown could not have a physiological origin ard therefore

can not be used for multivariate analysis.




Analysis of Additional Subjects

Two additional subjects were analyzed in order to
validate the methods already developed and to form a
comparison for interpretation. The two subjects were
selected based on the duration of their trials. Subjects
with times that were closest to the durations of the primary
subjects' trials were chosen.

The summaries for the four additionel trials are given
in Tables V and VI. The summary relates trial elapsed time,
subject reported symptom level (SSL), major symptoms
experienced and corresponding window number.

Analysis of Subject #2. Seven of the ten data channels

were collected on this subject. The placebo trial is missing
channels EEG1C and EEG2A, the Dilantin trial failed to
collect channel EEG2A.

All seven channels exhibited the same behavior across
the data, WACF, WPACF and periodogram plots. No model
changes were evident and the effects of Dilantin, if any,
could not be determined using the methods of this research.
A representative channel from the placebo trial, EEG2B, will
be discussed.

The raw and differenced data plots are shown in Figure
46. With the exception =~ -al well-defined, long duration
motion artifacts, the daca appear to be driven by the same

process for the duration of the experiment. The plot of the
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Table V Summary of Trials for Subject %2
L2 e

Placebo Trial 14 rpm CW

Time (Sec) SSL Window # Symptoms

0] ASYM 1 NONE

30 2 7.2 NONE

40 6 9.6 Stomach jumps
80 2 19.2

S0 5 21.

120 4 28.8 Face feels hot
130 3 31.2

140 7 33.6

160 6 38.4 Dry mouth

280 7 or 8 67.2

310 9 74.4

340 F3 91.2 Emesis

Dilantin Trial 14 rpm CCW

Time (Sec) SSL Window # Symptoms

0 ASYM 1 NONE

20 2 4.8 Head spinning
50 3 12 Tingling in legs
100 4 24 Queasiness
120 5 28.8

190 7 45.6 Dry mouth

280 9 or 10 67.2 Gas, nausea
310 9 or 10 74.4 Sweating

570 FS 136.8 Emesis

differenced data highlights three significant artifacts and
several other smaller artifacts.

The WACF as given in Figure 47 shows these major
artifacts as the horizontal striations that are two to three
windows wide. No changes in the model are obvious and there

does not appear to be any periodicities present. The WPACF
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of Figure 48 confirms this analysis as it remains remarkably
consistent throughout the experiment.

The periodogram is given in Figure 49 and confirms the
analysis in the time domain. No model change is evident and
the low frequency shift characteristic of the motion
sickness seizure can not b<e found. The absence of a
significant ridge parallel to the y-axis confirms the
absence of significant periodicities.

Analysis of Subject #3. The trial summaries are given

in Table VI. The third subject represents the third unique

Table VI Summary of Trials for Subject #2

Placebo Trial 18 rpm CCW

Time (Sec) SSL Window # Symptonms
0 ASYM 1 NONE
50 1 12 Sweating
130 2 3i.2
200 4 48 Nauseous
220 FS 52.8 Emesis

Dilantin Trial 18 rpm CCW

Time (Sec) SSL Window # Symptoms

0 ASYM 1 NONE
180 2 43.2 Dizziness
200 3 48 Sweating
230 4 or 5 55.2
270 5 or 6 64.8
300 FS 72 Emesis
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set of brain signals analyzed. As was the case in subject
#2, this subject also exhibited no abrupt model changes in
any of the eight channels that were analyzed. Channel EEG1C
failed in both trials. Furthermore, the interpretations of
the channels for the two trials were similar enough to
warrant the presentation of only one channel from each of
the two trials. The similarities where based on each
channels' WACF, WPACF and periodogram. A representative
channel from both the placebo and Dilantin trials are now
presented.

The raw and differenced data for channel EEG1B of the
placebo trial are given in Figure 50. Note the large number
of equally spaced vertical lines that correspond to head
motion artifact. These are equally spaced at ten second
intervals and are more dramatic here than in the previous
two subjects.

The WACF and WPACF images shown in Figures 51 and 52. A
strong vertical striation is noted centered on multiples of
lags 5 and 6, which is the now familiar 11 Hz periodicity.
As seen previously in the primary subject there is a model
change that occurs in the seasonal operators. The
periodicities are reasonably well-defined and significant at
the beginning of the experiment. The strength of the
harmonics dramatically increases over time and becomes more

well-defined particularly in the third and fourth harmonic.
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The seasonal model appears to go nonstationary in the later
windows implying the periodic effects do not die out over
large lags. The nonseasonal aspects of the model do not
change significantly during the experiment.

The periodogram of these data is given in Figure 53.
The unique shape of this periodogram is consistent in all
four channels of the placebo trial for subject #3. All the
power is contained in the first 45 harmonics. Because the
power is fairly evenly distributed, few frequencies test
positively for significance. Those that test positively for
significance correspond to the harmonics of the 11 Hz
periodicity in the seasonal model. There is no apparent
change in the periodogram except for the increasing
amplitude of the significant peaks.

The final channel to be presented is the EEG1lA from the
Dilantin trial of subject #3. The plots of the raw and
differenced data sets are given in Figure 54. The motion
artifact is even more dramatic in the Dilantin trial than in
the placebo trial (Figure 50). The peak power levels of
these artifacts appear to f{orm a pattern that is more
obvious in the plot of the differenced data. The peak values
act as though they are in some form of sinusoidal envelope
that oscillates in amplitude over time. The significance of
this observation is difficult to det-.rmine. Maybe the head

motions at the beginning and end of the trial result in more
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stimulus than those in the middle section of the trial.
Perhaps the body is adapting to the stimulus somewhat or it
may be attributaole to the effects of Dilantin.

The oscillating nature of the motion artifacts can also
be seen in the WACF in Figure 55. The horizontal striations
that appear every two windows are due to the dominant
artifact. Note the length of the striations also follow a
similar sinusoidal shape. No evidence of model change can be
seen as the WACF remains constant over time. A faint
vertical striation at lag 7 indicates a possible weak 8.6 Hz
periodicity. The WPACF given in Figu>re 56 also remains
constant for the duration of the experiment and is
indicative of a low order AR process.

The periodogram is given in Figure 57 and is
representative of the periodograms of the other three
channels. No model change can be detected and no frequency
shift is found. The periodogram plot is flat except for
those windows in which a motion artifact occurs. These
windows exhibit the high amplitude long duration
periodicities as seen earlier. A significant (in windows
where no artifact is present) ridge is present at frequency
74 corresponding to a periodicity at approximately 18 Hz.

This correlates with the striation seen in the WACF at lag

7. This places the frequency within the beta wave activity




range of normal brain activity and marks the first time this
frequency has been seen in any of the subjects.

The interpretations for each channel for the three
subjects are given in Table VII below. Included in the table
are the subject number and trial, channel, model condition,
time cf model change, lag between changes and the presence
of periodicities.The table highlights the similarities and
differences of within and among the subjects.

Subject #1 exhibits both types of model change. The
abrupt change and associated seizure can be tracked for both
trials by considering the lag times. The 11 Hz periodicity
can be found in 5 of the 8 brain channels. Subject #2
exhibits no model change or periodicities. Subject #3
exhibits periodicities in all but two channels. The seasonal
model change is found in channel EEG1B in both trials. It is
curious to note that when this type of model change is

restricted to channel EEG1B only.
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SUBJECT #

1-PLACEBO
1-PLACEBO
1-PLACEBO
1-PLACEBO

1-DILANTIN
1-DILANTIN
1-DILANTIN
1-DILANTIN

2-PLACEBO
2-PLACEBO
2-PLACEBO

2-DILANTIN
2-DILANTIN
2-DILANTIN
2-DILANTIN

3-PLACEBO
3-PLACEBO
3-PLACEBO
3-PLACEBO

3-DILANTIN
3-DILANTIN
3-DILANTIN
3-DILANTIN

CHANNEL CONDITION TIME (sec)

EEG1A
EEG1B
EEG2A
EEG2B

EEG1A
EEG1B
EEG2A
EEG2B

EEG1A
EEG1B
EEG2B

EEG1A
EEG1B
EEG1C
EEG2B

EEG1A
EEG1B
EFG2A
EEG2B

EEG1A
EEG1B
EEG2A
EEG2B

Table VII Summary of Channels
L -

MODEL
MODEL
MODEL
MODEL

MODEL
MODEL
MODEL
MODEL

NO
NO
NO

NO
NO
NO
NG

NO
MODEL

CHANGE
CHANGE
CHANGE
CHANGE

CHANGE
CHANGE
CHANGE
CHANGE

CHANGE
CHANGE
CHANGE

CHANGE
CHANGE
CHANGE
CHANGE

CHANGE
CHANGE

NO CHANGE
NO CHANGE

NO CHANGE

MODEL THANGE

NO CHANGE
NO CHANGE

80

171
*
217
192

292
271

221
267

%*

*

LAG PERIODICITY

0
*

25
21

*

NO
11l Hz
11 Hz

NO

NO
11 Hz
11 Hz
11 Hz

NO
NO
NO

NO
NO
NO
NO

NG
11 Hz
NO
1% Hz

9 Hz
11 Hz
NO
9 Hz




V. Conclusions and Recommendations

Conclusions

Three subjects were analyzed using the methodology
developed earlier in this thesis. The primary subjects' data
were characterized by two model regions that corresponded to
a sick model and a well model. The sick model was typically
a white noise process region that transitions into a well
model region that was characterized by high order
autocorrelations and nonstationary behavior. This transition
region was generally well-defined. The model change in the
time domain corresponded with a coincident shift in the
frequency domain to the low frequency, high amplitude
signals previously detected by AFIT researchers.

The second subject acted almost like a centrol. There
were no indications of model changes or periodicities in any
of the channels. The subject did experience typical motion
sickness symptoms and the experiment ended in the desired
result of emesis.

The fi~- subject similarly did not exhibit signs of a
model change but did exhibit periodicities in the alpha
range as did the primary subject. The periodogram for this
subject was unique, however, as all the power in each signal

was Jistributed among the first half of the spectrum.
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From this limited data, it cannot be concluded that, in
general, a boundary exists between the brain signals of a
well subject and a motion sick subject and that the boundary
results in a measurable change in the time domain. The
evidence seems to point in favor of the hypothesis tha* each
individual may be unique in terms of his brain's response to
the motion sickness stimulus. There may be no definitive
model or presence of a boundary that can be employed across
all subjects.

The effects of Dilantin were noticeable in two of the
three subjects. The primary subject exhibited the same
indications of a boundary region but that region was delayed
much longer into the experiment. Two of the brain channels
exhibited the characteristic low frequency power shift from
the start of the *trial, a result that is attributable to the
Dilantin'cs slowing effects on brain signals. Subject #3
likewise extended his time before emesis. A shift in
periodogram behavior may also be attributable to Dilantin.

The usefulness of the time series methodology has been
shown. The WACF, WPACF and periodogram all give -.nsight into
the data structure by allowing greater samples to be viewed
at once. What appears to be insignificant when viewed in one
window often pecomes significant when viewad in conjunction
with a series of windows or when iewed as an image. Low

powered periodicities and other data structures can be
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highlighted using these techniques. Model changes, model
identification, periodicity identification and artifact
identification can be performed using the WACF and WPACF.
The periodogram can be used to confirm significant behavior

noted in the time domain.

Recommendaticns

The methods developed in this reseacch need to be
applied across a wider base of subjects to determine if the
brain activity is unique for all subjects. A sample of three
is insufficient to make such a claim. An analysis of twenty
or thirty subjects could prove worthwhile in developing a
set of classes in order to group these subjects.

In one subject the postulated presence of a motion
sickness generator locked promising, therefore it is
recommended that analysis of the brain channels continue.
The number of brain channels monitored needs to be increased
in order to more accurately locate and isolate those areas
of the brain that are affected by motion sickness.

A way must be found to keep from losing brain channel
instrumentation during the experiment. This is especially
true regarding channel EEG1C (right temporal). Only one ot
the six channel)s analyzed in this thesis had useable data
and that channrel lasted for only a few minutes before

failure. Of the 30 pussible channels available, useful data
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were collected on 23 channels and only 19 (63%) of thnese
were complete.

Possible problems with the sampling software were
highlighted during the sampling of multiple channels. The
introduction of artificial correlations Jdue to the software
does not allow a reliable multivariate analysis to be
performed. It is suggested that either a new program be
looked into or another method of multiple sampling of
channels be developed.

A multivariate approach is suggested due to indications
from some of the WCCFs. In the case where definite model
changes occur, a transfer model could be employed to
determine the relationships that exist between the other
brain channels. Furthermore, when the number of channels
collected is increased, there will be a need for data
reduction. Principal components and factor analysis should
be prime candidates as analysis tools in order to decrease
the dimensionality of the data.

A final recommendation concerns the development of a
means of classifying the models generated by the time series
methods. It is suggested that a high order AR model be fit
to the data in each window as an approximation to the exact
model. These parameters can then be used to perform a
discriminant analysis to determine if multiple states exist

during the transition from the start of head motions to




emesis. This method looks promising as it was experimented

with briefly but nnt reported.
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Appendix

Additional Plots and Images
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