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1. INTRODUCTION

In support of the overall goal of developing an objective and reliable
cognitive loading indicator, considerable research has been directed at
quantifying the relationship between internal mental workload and external
physiological state. Several studies have focused on the physiological state
reflected in the measured electroencephalograph (EEG), in particular, the
visual evoked response (VER) which arises in connection with an
experimentally-controlled evoking stimulus presented via the visual modality.
Most studies have concentrated on the transient VER (tVER), which uses an
impulse-like strobe stimulus to "excite" the VER. A smaller number of more
recent studies have focused on the steady-state VER (ssVER), which uses
continuously modulated light levels to evoke a measurable EEG response. Our
focus in this effort is on the ssVER, and its potential for development into a

reliable mental state indicator.

1.1 Study Objectives

The basic goal of the study reported here is to develop and validate
analysis techniques to identify features of the ssVER that correlate with
mental state, in particular, cognitive loading. The desire is to avoid the
current proliferation of arbitrary features and metrics which characterize
much of VER research, and focus on a rational characterization of the ssVER
"system."” This naturally leads to a systems approach to the problem, and the
development and identification of a functional input/output model of the
SSVER. The basic goal, then, is to develop such a model, and apply it in an
analytic/experimental program aimed at developing an EEG-based cognitive
loading indicator.

Supporting program objectives are the specification of the

stimulus/response protocols to be used in experimental validation studies, the




specification of the analysis techniques to be used for response modeling,
their implementation in a software package fully compatible with the
sponsoring LaRC facility, and their application to ssVER data generated in one

or more controlled mental loading experiments.

1.2 General Technical Approach

Our overall technical approach is a three-stage process: 1) a review of
the basic systems identification background relevant to the problem of
identifying the functional characteristics of the VER; 2) the development and
implementation of a software package for experiment control and data analysis;
and 3) the demonstration of the proposed identification and modeling

techniques, via controlled mental loading experiments.

To provide some background for the type of system identification
techniques required for a rational analysis of the VER, we review basic
input/output functional modeling. The description is done in mathematical
terms to provide a basis for the interpretation of conventional (and
unconventional) VER analysis techniques, in a more formally defined functional
modeling context.

The review attempts to formalize the basic input/output structure of the
VER, with the proposal of a quasi-linear model structure for the response: a
response comprised of a "signal" portion which is linearly dependent on the

input, and a "noise"” portion which is independent of the input. The
implications for identification of the impulse response and the steady-state
response are then discussed, and related to the conventional tVER and ssSVER
techniques already in use. The review then discusses the implications of
different ssVER identification stimuli, focusing on periodic impulsive

flashing and sinusoidal continuous modulation. The review is concluded with a

discussion of quasi-linear modeling issues, which center on sum-of-sines



stimulation of the ssVER, and subsequent identification of model structure and
parametric dependence on imposed loading.

The second stage of our technical approach focuses on the development and
implementation of a software package for experiment control, data analysis,
and model identification. The package consists of four main programs:

1) VERRUN: This provides for pre-run setup of the experimental
parameters, generation of the run-time sum-of-sines (SOS) stimulus,
recording of the resulting response, and calculation of simple post-
run statistics.

2) VERNAL: This supports time- and frequency-domain analysis of the
time histories recorded by VERRUN, and provides for computation of
the EEG RMS signal levels, and ssVER transfer function and remnant
spectra.

3) ENSMBL: This calculates ensemble average statistics across
individual subject runs, for the time- and frequency-domain analysis
data generated by VERNAL.

4) MODLER: This supports the fitting of specified analytic transfer
functions to the ensemble average transfer function data generated by
ENSMBL, and supports the generation of an optimized model parameter
set.

These programs provide for a full capability from data generation to model
analysis, and can support, via direct expansion, an advanced modeling program

under future research efforts.

The third stage of our technical approach consists of a demonstration of

the proposed identification and modeling techniques, via direct
experimentation and analysis. This effort begins with a brief review of past
sSVER identification efforts, to uncover dominant frequency domain trends, and
to specify the desired identification bandwidth. A pre-experimental design
effort then focuses on a specification of appropriate time base parameters
(sample rates, run times, etc.), a specification of the required sum-of-sines
stimulus parameters (amplitudes, phases, etc.), and a calibration protocol to

determine stimulus intensity and response amplification levels.




The demonstration experiment is conducted at NASA LaRC, using the
delivered ssVER package and pre-experimental design parameters. Subjects are
given three tasks: a null task comprised of viewing a blank display
(baseline); a task testing visual perceptual processing; and a task testing
encoding of working memory.

The VERRUN package is used to control the run-time ssVER stimulus
generation, response recording, and data file generation. Following the
experimental runs, the VERNAL package is used to generate corresponding
single-run RMS level and frequency-domain files. These files are then grouped
according to task loading conditions imposed, and the ENSMBL package is used
to compute single-subject across-replication ensemble files, comprised of the
average RMS level and frequency-domain metrics. The MODLER program is then
used to fit very simple transfer function models to the observed data, to

demonstrate the method's descriptive simplicity.

1.3 Study Results

The primary result of this study is the development and demonstration of
systems analysis techniques for modeling the ssVER and relating it to
cognitive loading. The major study findings supporting this development and
demonstration effort can be summarized as follows.

The review on input/output functional modeling conducted under this
effort provides a general framework for relating conventional transient VER
(tVER) and steady-state VER (ssVER) techniques already in use; it also
provides a basis for the development of advanced VER identification methods,
and corresponding stimulus/response models. As noted in the review, the tVER
technique has a number of short-comings, including: the potential for
amplitude response saturation, which hampers any linear modeling effort; a

lack of generated remnant statistics, which may eventually provide important
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clues as to VER function and worklocad correlation; and, an overdependence on
ad hoc time-domain features, which directs attention away from the essential
transfer characteristics of the VER system. The conventional ssVER technique
using repetitive strobe stimulation extends the tVER approach into the
frequency domain, but brings with it its own set of problems, including:
potential confounding of responses due to harmonic distortion; inflexibility
in stimulus amplitude and frequency; and, stimulus predictability on the part
of the presumably "causal" subject.

Many of these problems are avoided or ameliorated when using sum-of-sines
(S0S) stimulation of the ssVER, in conjunction with quasi-linear model
analysis. The basic identification procedure focuses on the transfer features
of the VER system itself (structural form and parametric values), and serves
to separate the response into input-related and system-generated components.
The approach also allows for the quantification of remnant response which is
uncorrelated with the input, and which may reflect cognitive loading effects,
such as seen in alpha-suppression. The S0S-based ssVER also provides, via
appropriate adjustment of the stimulus parameters, means for: minimizing the
effects of amplitude saturation, by distributing the stimulus power across a
wide frequency band; avoiding the confounding effects of har.nonic distortion
by appropriate probe frequency selection; maximizing reliability in the
transfer estimates by selective "shaping” of the SO0S spectrum; and
ameliorating the effects of stimulus predictability, by random phasing of the
SOS components.

The second major finding of the study concerns the development and
demonstration of an integrated software package for the control and analysis
of ssSVER cognitive loading experiments. Four packages were developed under
the study: VERRUN, VERNAL, ENSMBL, and MODLER. Operation of the VERRUN

package at the LaRC facility demonstrated the flexibility of the software in




pre-run set-up tasks, and its ease of operation during run-time control.
Post-run execution of the VERNAL package demonstrated the generation of a
variety of single-run time- and frequency-domain ssVER measures, under both
interactive control and batch mode operation. Subsequent processing of the
single-run data by the ENSMBL package provided a direct means for generating
across-replication and across-subject ensemble response statistics. Finally,
operation of the MODLER package demonstrated how interactive software can
support the quasi-linear ssVER development effort, and provide the analyst
with a direct means of evaluating candidate response models.

The third major set of study findings were obtained from a pilot ssVER
experiment conducted at LaRC during the course of this effort. Subjects were
tested across three task loading conditions: a null task, a Probability
Monitoring Task (PMT), and a Continuous Recall Task (CRT). A number of
replications were made under each task, to yield several single-subject
across-replication ensemble-average frequency-domain measures of the ssVER.
Subsequent model fits of the ensemble data means were based on a simple
variable-gain delay transfer function model.

The results presented here show that the transfer functions in all three
task loading conditions are reasonably well-modeled by a simple two-parameter
gain/delay model. The model accounts for the measured flat gain and linear
phase trends with frequency, across the bandwidth of interest and the task
triplet. On the basis of the preliminary data set and analysis results
presented here, one may conclude the following. First, there does appear to
be gain enhancement over baseline, when the subject is loaded by either of the
two tasks (PMT or CRT). A corresponding time delay difference is not to be
seen, however, remaining fixed at about 70 msec across all three conditions.
Second, there does not appear to be any significant difference between the two

loading tasks, in terms of mean measurement values. There are, however,



apparent differences in data variability with task and frequency. Finally,
the data trends, across the three conditions, can be quite well modeled with
an exceptionally simple analytic transfer function: a variable-gain delay.
The use of more complex models would not appear to be warranted by the data at
least over the frequency range studied.

In short, we have demonstrated how a systems approach to functional
modeling of the ssVER can be the basis for the eventual development of a
rational and reliable ssVER-based cognitive loading indicator. The review we
conducted shows how both tVER and ssVER research is related at the functional
stimulus/response level, and the corresponding software development effort
demonstrates how basic identification techniques can be applied directly to
SSVER characterization. The pilot experiment conducted under this study
provicded a test of this overall procedure, and the results show that a very
simple model can indeed capture the basic dynamic response of the ssVER, under
different cognitive loading tasks. It remains to be seen, however, whether
the observed loading sensitivity holds up over a larger sukbject base and a
wider range of tasks, or if individual subject differences will tend to
dominate the ssVER. It should be clear, however, that the general methodology
developed and evaluated here can serve as a starting point for a more

concerted effort aimed at developing a sensitive ssVER-based workload metric.

1.4 Report Outline

This report summarizes and documents the results of our effort to develop
and validate analysis techniques for modeling the ssVER and relating it to
cognitive loading.

Chapter 2 provides a review of functional modeling and its relation to
the ssVER. In the chapter, we define a variable-parameter quasi-linear model

of the ssVER (section 2.1), describes how such a model is related to the VER



impulse response (section 2.2) and to conventional tVER identification
(section 2.3), and discuss the basis for ssVER identification, using impulse
trains and sums-of-sines (section 2.4).

Chapter 3 discusses the implications for sums-of-sines (SOS) stimulation
and quasi-linear model identification of the ssVER. In the chapter, we
specify how the SOS stimulus is used to estimate the model transfer function
and remnant spectrum (section 3.1), describe how model structure and parameter
values can be inferred from the frequency-domain data (section 3.2), and
outline basic requirements for ssVER stimulus protocol and model analysis
(section 3.3).

Chapter 4 summarizes the results of the development and demonstration
effort, in going from experimental data to analytic models. In the chapter,
we describe the VERSOS software package developed for experimentation,
analysis, and modeling (section 4.1), outline the pre-experimental stimulus
design effort (section 4.2), and summarize the experimental data trends and
model results generated under a pilot ssVER study conducted at LaRC (section
4.3).

Chapter 5 summarizes the study results (section 5.1), presents
conclusions (section 5.2), and outlines recommended areas for further research

(section 5.3).



2. IDENTIFICATION OF THE VISUAL EVOKED RESPONSE

An earlier literature review covering the physiological assessment of
mental state found that EEG evoked response (ER) measures show a fair amount
of promise for the eventual development of sensitive and reliable workload
correlates (Zacharias (1980)). However, the review also found a proliferation
of arbitrary metrics and a wide variety of "key features" advocated by
different researchers. On the basis of this review, it became clear that what
was needed was a more rational approach to the central problems of EEG signal
processing and feature analysis.

Two factors contributed to this situation: a lack of signal processing
expertise; and a fundamental lack of understanding concerning the
characteristics of the EEG "black box." The former leads to an often
capricious selection of signal metrics, while the latter promotes an unending
search for a single "key" feature to be correlated with mental state. This is
not meant to suggest, however, that a detailed neural model of the brain must
be constructed before reliable EEG-based mental state correlates can be
developed. On the contrary, we believe that significant progress can be made
by largely ignoring the detailed structure, and simply concentrating on the
functional characteristics which relate input (evoking stimulus) to output
(evoked response).

By taking a "black box" systems approach to the problem, and setting as a
goal the development of a functional input/output model of the VER, one
naturally sets the stage for the rational development of an EEG-based mental
state correlate. This development can be most conveniently visualized as a
two-stage process: a model identification stage, in which an input/output VER
model is inferred from the data; and a feature identification stage, in which

one searches for feature correlates of the internal mental state.




This systems identification approach is a standard tool in the
engineering analysis and modeling of dynamic systems, but there have been many
applications in non-engineering systems. The work we are most familiar with
concerns the modeling of the human pilot or operator. Here, early workers
recognized the advantages of a frequency-domain description of the operator
(see, for example, Tustin (1947)), which related input (operator display) to
output (operator control) in a fashion which was relatively independent of the
input. This first-order decoupling of stimulus from response led to operator
models characterized by a small number of parameters, which, with further
research, were found to vary in a re¢latively systematic fashion with task
factors. Subsequent pilot modeling work has yielded a progressive series of

functional input/output models, embodying ever greater levels of abstraction

from the basic stimulus/response data supporting their development.

We believe that this approach is directly applicable to the current
effort aimed at developing a sensitive VER metric. The success of such an
approach naturally requires some demonstrated correlation of VER features with
internal state, but this has already begun to be shown in the literature. For
example, in transient VER studies involving a single stimulus pulse, the

amplitude and latency of the P peak shows a definite correlation with

300
imposed task workload (Wickens et al (1977), O'Donnell and Spicuzza (1977));
likewise P200 latency has been shown to relate to the visual informaticon
processing workload imposed on the subject (O'Donnell and Spicuzza (1977)).
For steady state VER (ssVER) studies involving sinusoidal modulation of
stimulus intensity, it has been shown that response phase lags correlate with
task difficulty (Wilson (1979)), over some limited frequency band of interest.

The features used in these studies were chosen fairly arbitrarily, but

there has been a recent trend towards the more rational approach of model-

based feature extraction and evaluation. For example, after researchers at
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USAF/ARMRL began investigating the ssVER for workload assessment, they found
that a frequency-domain description of the ssVER can efficiently capture a
number of significant features in the recorded responses (Junker and Peio
(1983, 1984)). Preliminary results also indicated distinctive changes in the
describing function characteristics with cognitive loading. More recent
results have shown that subjects with high alpha-band response also show,
under cognitive loading conditions, significant reductions in alpha-band gain
and remnant (Junker (1986)). Subsequent quasi-linear model analysis of such
data demonstrate how this data can be compressed to a small number of
significant model parameters (Zacharias (1982), Levison and Zacharias (1984),
Junker (1986)).

To provide some background for the type of system identification
techniques we require for VER analysis, we present in the remainder of this
chapter a summary account of basic input/output dynamic functional modeling.
Although the description is done in mathematical terms, it should not be taken
as a rigorous derivation; rather, it should be viewed as a heuristic argument
which will allow us to interpret conventional (and unconventional) VER
analysis techniques in terms of more precisely defined functional modeling
concepts. In this way, we can bring to bear modern system identification
techniques to the problem of VER analysis, and justify an appropriate approach

to the development of a reliable and accurate VER model.

2.1 General Functional Model

To begin the discussion, consider the situation in which the VER is being
recorded from a single electrode site, in response to a strobe light stimulus.
Suppose we characterize this stimulus as having an intensity profile x(t)
which varies with time; as an example, it could be the simple pulse

illustrated in figure 2.la. Suppose we also characterize the resulting evoked
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responte, by associating with it a recorded voltage time history y(t); an
example waveform is illustrated in figure 2.1b. Finally, suppose we had means
of specifying the pilot's mental state m, during the recording interval. We
might then conjecture that an appropriate functional model, relating stimulus
to response, could be specified in the following manner:

y(t) = f[x(t).gm(m), gc,t] (2.1)
Here, we assume we have some specified functional form, defined by £[ ], which
relates the stimulus x(t) to the response y(t), and which may vary with time
(hence the inclusion of t in the argument of f[ ]). Associated with the
function £[ ] are two parameter vectors, B, and B.i together with the form of
£[ ], they specify in detail just how y(t) relates to x{t). We assume that
the first parameter vector, By is comprised of all those parameters which
vary with mental state (hence the argument m); the second, B+ is comprised of
all remaining parameters, and provides a convenient means of accounting for
all factors unrelated to internal mental state (such as color of the stimulus,

recording site, electrode impedance, etc.)

FT-LAMBERTS MICRO
| VOLTS

50 ﬁ 500

' -

A S ‘ ' A L
T (USEC) J 87-101 \J

T (mSEC)

Figure 2.la: Stimulus Pulse Figure 2.1b: Visual Evoked Response

Note that we have, in effect, specified a model of the VER, albeit in a very

general form. To be able to suggest appropriate ways of identifying both the
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form and parametric values of this model, we need to consider some simplifying
assumptions, and how they might be justified on the basis of experimental
protocol and used to advantage in the system identification problem.

If the experimental design provides for "good" control over extrinsic
experimental conditions, we might assume that the non-state-related parameter
vector Bc remains constant throughouat a recording session. If we now also
assume, for this initial identification exercise, that the mental state some-
how stays constant, then the mental state parametric vector Em might also be
reasonably assumed to remain a constant throughout the session.* If we now
combine the two parameter vectors into one (constant) vector p, we can rewrite
(2.1) as:

y(t) = £[x(t),p,t] (2.2)
where it is understood that certain components of p explicitly depend on the
(fixed) mental state m.

A further simplification can result by making the very basic assumption
that the response is fundamentally time-invariant. The relation above says
that if we stimulate or "probe" the system with a signal x(t), we will measure
a response y(t); time-invariance, in effect, says that if we delay (or
advance) in time the stimulus signal x(t), to obtain x(t+T), then we should
observe a correspondingly delayed (or advanced) response signal, y(t+T), where
T is some arbitrary time shift. Obviously no physical system (with a finite
lifetime) is time-invariant, but if we consider sufficiently small time shifts

(so that T is limited to some finite range), many systems can be modeled quite

*This simplification obviously does not take into account potential factors
such as adaptation, habituation, or fatigue, but, for now, we assume that
the experiment has been somehow designed so as to ensure that these will be
insignificant contributors to the overall response.

- 13 -




accurately by attributing time-invariance to them. For this discussion, we
will make the assumption that the system we are attempting to identify can
likewise be assumed to be time-invariant, so that (2.2) becomes:

y(t,p) = £[x(t),p] (2.3)
where we have removed the explicit dependence of £f[ ] on the time t.*

We now make one final assumption concerning system structure, one which
is perhaps the most critical to our eventual choice of an appropriate
identification technique. Specifically, we assume that the response function
f[ ] can be effectively "decomposed" into a linear component g[ ] and a
noise component n, so that (2.3) becomes:

y(t,p) = glx(t),p] + n(t,p) (2.4)
where we have allowed for the eventuality that both components may depend on
the parameter vector p.

This equation implies that if we have a stimulus x(t), then one component
of the response, g(t), should be linearly related to the stimulus; that is, if
we were to scale the stimulus so that we were driving the system with the
signal ax(t), then we should obtain a correspondingly scaled linear response
component ag(t), where a is some arbitrary scale factor. Again, as with time-
invariance, no physical system is truly linear, but if we consider a suffi-
ciently small range of scale factors (so that a is limited to some finite
range), many systems can be modeled quite accurately in a linear fashion. We
will assume here, that over some appropriate range of stimulus magnitude, the
system we are attempting to identify can likewise be modeled as having a
linear response component.

One immediate advantage in separating out a linear response component is

that we can make full use of linear systems theory. Specifically, it can be

*and made explicit the parametric dependence of y on p.
- 14 -



shown that if g[ ] represents a linear time-invariant (and causal)
input/output function, it can be represented in the following integral form

(Truxal (1955)):

-]

glx(t),p] = f h(A,p)x(t-2)dA (2.5)

where h( ) is the parameter-dependent "impulse response function" defining
the linear transformation from input to output. Integration is performed over
the dummy time variable A. This allows us to restate the response equation

(2.4) in an equivalent form, as follows:

(-]

y(t,p) = fh(K.E)X(t—X)dK + n(t,p) (2.6)

The usefulness of this form of the response equation will be demonstrated
shortly.

The form of the input/output relationship specified by (2.4) also implies
a "noise" contribution n to the overall measured response y. We assume that
the noise statistics do not vary with time (in line with our earlier
assumption of time-invariance), so that standard measures such as noise mean

and variance can be represented by fixed constants. We further assume,
without loss of generality, that the noise mean is zero.* Finally, we assume
that the noise component n is uncorrelated with the stimulus x, so that the
portion of the response which is correlated with the stimulus is due entirely

to the linear component g of (2.4). In effect, the "magnitude"” of the noise

provides a measure of the goodness-of-fit of a purely linear model of the VER.

*If it were non-zero, we could simply define a new noise signal n', where n'
= n-n (where the overbar denotes a mean value), and a new response signal
y', where y' = y-n, and reformulate (2.4) and (2.6) in terms of y' and n"'.

_15_




This "quasi-linear"” model has been used extensively and with considerable
success in past system modeling efforts. The advantage of using such a model
lies not only in the relative strength of analytic techniques which can be
used in defining its detailed structure, but also in the fact that such a
model provides an inherent measure of system linearity: the ratio of
correlated response power to uncorrelated power, appearing in the response
output signal y. Clearly, if most of the response signal is uncorrelated with
the input (i.e., the noise component is dominant), then primary attention must
be given to an appropriate characterization of the noise statistics, and only
secondary attention need be given to that of the linear response dynamics.
This model structure can provide us with a self-contained indicator of the
emphasis to be placed on the detailed modeling of the two response components.

We now turn to some of the implications for system identification,

imposed by the input/output model of (2.6).

2.2 1Identification of System Impulse Response

Consider the situation in which we measure the transient VER (tVER), by
stimulating with a short pulse of light. Here we inject an input pulse having
a pulse width typically several orders of magnitude smaller than the fastest
time constant of the VER. We can thus model the pulse x(t) as effectively an
impulse §(t), so that, from (2.6) the corresponding response on the ith

stimulus trial will be given by:

(=]

y;(t,p) = f h(x,p) 8(t-A)dx + n,(t,p) (2.7)

so that, from the properties of the impulse function (see, for example Truxal
(1955)):

Yi(t.g) = h(t,p) + ni(t,g) (2.8)

_16_



so that the response should be simply the "impulse response” plus a specific
noise signal associated with the ith trial. If we now ensemble average across
N such input-output measurement trials, as is commonly done for signal
enhancement in VER processing, we obtain an estimate for the impulse response

R, given by:

N 1 N
I nte,p) + 5 1 n(t,p (2.9)
=1 i=1

h(t,p)

Zi
|~z
S
~~
(asd
N’
n

i= i
or, since the time-invariant impulse response h is unchanged over individual

trials,
1 N
fict,p) = n(t,p) +§ I n (t,p) (2.10)
i=1

As the number of trials N increases, the second term above approaches the

expectation of the noise ﬁ, which is zero, so that

fi(t,p) = lim A(t,p) = h(t,p) (2.11)
N=>

so that we obtain an unbiased estimate of the impulse response. The
convergence speed of the above relation will depend on the noise statistics
characterizing the ni of (2.10).

We can estimate the noise statistics, once h is obtained, by first
estimating the individual trial noise sequences on the basis of (2.8), via:

A, (t,p) =y, (t,p) - A(t,p) = n, (t,p) + ey (t,p) (2.12)

where, from (2.8) and (2.10)
1 N
ex(ti®) = - % kzl n, (t,p) (2.13)

The estimate from (2.12) can then be used directly in computing the estimated
noise autocorrelation function &nn(r,g), whose statistics in turn, will depend
on the statistics of €N above. The autocorrelation function estimate ann can
then be used to formally define the noise power spectral density énn' which in
turn, can serve as the basis for defining a shaping filter for simulated or

modeled VER noise generation. Additional details of this process can be found
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in classical texts on dynamic random processes, such as Lanning and Battin
(1956) .

This type of noise sequence generator, in conjunction with the i.pulse
response model estimate h, can then serve as the basis for a quas..-linear

time-domain impulse response description of the system being identified.

2.3 1Identification of the Transient VER

From our review of the literature, it would appear that most researchers
use the basic approach of ensemble averaging, defined by (2.10), when working
Wwith the transient VER (tVER). It requires a minimum of signal processing
(off-the-shelf hardwired averaging computers now being commonplace), it
provides a direct means of viewing signal enhancement with trial replication
(by observation of successive ensemble-average time histories), and it results
in a relatively easy-to-comprehend processed output: a single time history of
the EEG voltage fluctuations. Two points are worth noting, however.

First, most researchers seem to ignore the noise component of the
response n, and concentrate solely on the impulse response function h. If
(2.6) is to be accepted as a basic model of the VER, then clearly both terms
contribute to the response. We are not suggesting that individual noise
sequences are likely to provide any significant insight into modeling the VER;
however, the statistical properties of the noise may very well provide some
important clues as to VER function. In particular, we might conjecture that
the noise statistics (including any relevant spectral characteristics) may be
strongly related to some of the experimental factors being investigated via
the VER, such as internal mental state. To keep this possibility open, we
have deliberately specified, in (2.6), that the noise term be a function of
the experimental parameter vector p, either explicitly, or implicitly, via its

impact on the statistics associated with the "noise generator"” responsible for
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n(t,p). Unfortunately, from an experimental standpoint, it would appear that
most of this "noise data" is being discarded by current researchers, in their
use of ensemble averaging, and their concentration on identifying the system's
impulse response function h(t,p).

A second point to be made regarding tVER research has to do with the type
of "signal processing” used once a VER is obtained. Because it is usually a
well-defined time-history which can provide a visual record of voltage
fluctuations versus time, many researchers have taken the "direct" approach of
trying to correlate specific features of this history with particular
experimental factors they have manipulated during the recording sessions.
Since a continuous time history has, in theory, an infinite number of points
associated with it, it would seem that an infinite number of "features” (and
combinations of same) could be associated with any single time history. We
suspect that this basic characteristic of the continuous signal is the
fundamental cause of the numerous and seemingly-arbitrary tVER "features"
reported on in the literature (e.g., P300 correlation studies of workload).

The point we wish to make here is that such exercises may fail to uncover
the fundamental relationship (if one exists) between the tVER and internal
mental state. From a systems analysis standpoint, the fundamental "features"
of the impulse response h(t,p) are not the time-domain features; rather, they
are the parameters which comprise the parameter vector P, specifically, those

associated with our hypothesized mental state parameter vector B,

2.4 Identification of the Steady-State VER

To this point, we have discussed the transient VER and its relation to
time-domain modeling of the impulse response function; we now turn our
attention to the steady-state VER (ssVER), and corresponding frequency-domain

modeling. Before discussing specific stimulus protocols, however, it is
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appropriate to provide some general background concerning frequency-domain
measurements made on a noisy linear time-invariant system.

1f we have the time history of some arbitrary (real) signal z(t), we can

*
define the associated Fourier transform according to:

=]

{z(t)} = J z(tye I°tat (2.14)

-0

Z(w)

where w is the frequency, and j is the square root of negative one. Since
Z(w) will, in general, be complex, we can represent it as follows:

2(w) = a(w) +jb(w) (2.15)
where the real and imaginary components a(w) and b(w) will be dependent on the
particulars of z(t). The frequency-dependent amplitude A and phase ¢

associated with Z(w) are then defined by
1/2

A) = [a2(w) + b2 (w)] (2.16a)

¢$(w) = tan T[b(w)/a(w)] (2.16b)
so that, by progressing through relations (2.14) through (2.16), we can define
amplitude and phase characteristics of any reasonably well-behaved time-domain
function.

In particular, we can consider the impulse response function h(t,p).

FProm (2.14) and (2.15) we can define the corresponding frequency-domain

"transfer function" according to:

H(w,p) = J h(t,g)e_j“tdt = j h(t,g)e_jwtdt (2.17)

where we have changed the lower limit of integration since we assume that h is

zero for negative time, reflecting the fact that h is a "causal" system and

does not respond before the impulse is applied at time zero. This allows us

*assuming z(t) is piecewise differntiable and that_z |z(t) |dt exists.
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to express H in terms of the Laplace transform, defined for an arbitrary

"well-behaved"” function z(t), by

fz(t)} = ] z(t)e Stat (2.18)

From (2.17), then, we see that we can obtain H by substituting jw for s, in
the Laplace transform:

H(w,p) = {h(t,p}ls=jw (2.19)
which provides us with a convenient means for calculating H, given an analytic
impulse response function h. 1In this manner, we can specify the gain and
phase characteristics (with frequency) of the linear portion of the system
being measured.

There are several ways to obtain this ssVER transfer function from
measurements made on the noisy system. One way, which is immediately
suggested from the form of (2.17), involves three basic steps:

1) Conduct a tVER experiment and use conventional ensemble averaging to
estimate the time history of the impulse response function h(t,p).

2) Identify a model structure and parameter vector which, in some sense,
best "fits" the empirical time history, so that h(t,p) can be
analytically defined in terms of t and p.

3) Perform the analytic transform indicated by (2.18) and (2.19), to
obtain the corresponding transfer function H (w,p).

This approach, however, is very sensitive to the convergence rate of the
ensemble average to the true impulse response, and is also strongly affected
by the choice and accuracy of the analytic approximation to the impulse
response. The approach also fails to provide a convenient direct means of
characterizing the additive noise component.

In alternative to this transfer function specification problem involves
the use of direct frequency-domain measures. We begin by defining the cross-
correlation function for two arbitrary signals, x(t) and y(t), as follows (for

background, for example, see Lanning and Battin (1956)):
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by (T = x(D)y(t+r) (2.20)
where the overbar denotes an expectation or average, and the time variable 7
denotes the relative time shift between the two signals being correlated. If,
consistent with our early notation, we take x(t) to be the VER stimulus, and
y(t) to be the VER response, and make use of the response equation introduced
earlier by (2.6) it then follows directly that the stimulus/response cross-

correlation function will be given by:

(o]

¢xy(T,E) = [ h(l,2)¢xx(r—l)dk + ¢xn(r,2) (2.21)

o
where, as before, A is a dummy variable of integration, and where we have
introduced the auto-correlation function for the input, ¢xx' and the cross-
correlation function between the input and the noise, ¢xn' Both are defined
in accordance with (2.20).

The quasi-linear model defined by (2.6) specifies, however, that the

noise is to be uncorrelated with the input. This means that the second term

of (2.21) above is identically zero, so that

[+ ]

¢xy(r,2) = j h(x,p) ¢xx(r—k)dk (2.22)

0

We are now in a position to specify the cross PSD's (cross PSD), ¢xy’ which,
in accordance with the definition given by (2.14) is simply the Fourier

transform of the corresponding cross-correlation function:

_ _ -jwr
¢xy(w.2) = {¢xy(r.2)} = ] ¢xy(r,g)e dr (2.23)

Taking the Fourier transform of (2.22), making some assumptions regarding the
interchangeability of order of integration, and using the definition given by
(2.23) above, it can then be shown that

¢xy(w.2) = H(w.2)¢xx(w) (2.24)
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where Qxx is the auto PSD of the input signal, and, in accordance with (2.17),
H is the system transfer function. This relation specifies the
stimulus/response cross PSD, but a totally analogous derivation can be used to
find a corresponding relation for the response auto PSD, so that:

® @R = [Ho,p) %8 (o) + 8 _(0,p) (2.25)
Here, the response auto PSD is determined both by the magnitude squared of H,
and the auto PSD's of x and n.

These general relations of (2.24) and (2.25) underlie a number of
candidate frequency-domain identification techniques. For example, if one has
the capability of computing auto and cross PSD's from measured data, one could
then use (2.24) directly to obtain the transfer function, by formal division:

H(w,p) = Qxy(w,g)ﬂbxx(w) (2.26)
In implementing this identification algorithm, one would replace the right-
hand side PSD's by their estimates, calculated from the data. Once an
estimate for H were obtained in this manner, one could then use (2.25) as the
basis for calculating the "remnant" or noise spectrum, by calculating what was
"left over" after one takes into consideration the linear response component:

2 @R = & (0, - [Hw,p) %8 () (2.27)
Here, one would replace the right-hand side PSD's by their estimates (as
before), and use the value for H obtained in (2.26). Thus, the above equation
pair could be used for a frequency-domair specification of both the transfer
function and the noise portion of the quasi-linear system model.

Note that these relations make no assumptions regarding the type of input
signal x(t) used for system identification. Once it is specified, however,
its auto PSD, ¢xx' can be calculated and substituted into the equations as
appropriate, thus requiring measurement-based calculations only for the auto

and cross PSD's associated with the respcnse signal y(t).
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For example, if we chose to stimulate the VER using "white noise," then
the associated PSD ¢xx would be a simple constant over all frequencies. This
constant, say ¢o, could then be used to scale the cross PSD éxy’ to obtain H
directly, on the basis of (2.26). Likewise, éo could be used to scale the
magnitude squared value of H in (2.27), for subsequent differencing with the
response PSD, ¢YY' and estimation of the noise spectrum, ¢ .

nn

2.4.1 Identification of the ssSVER v_a Periodic Flashing

If one were conducting a "standard" ssVER experiment, by stimulating with
a periodic train of (impulsive) light flashes, the stimulus could be

represented by the following series:

x(t) = ) 8(t-KT) (2.28)

k=-w

where T is the flash period, and where, for analytic convenience, we have
assumed an infinite series of impulses. The autocorrelation function of this

signal is obtained by applying (2.20), to yield (see, for example Kuo (1963)):

& (r-kT) (2.29)

He~1 8

1

o . (1) =5

XX T k=—oo

so that the corresponding auto PSD, in accordance with (2.23), can be shown to

be specified by

w @®
_ - _9 -
¢ (o) = {¢XX(T)} = = kz_ma(u ) (2.30)

where the base frequency @, is simply 27/T. Thus, the input auto PSD is an
impulse train in the frequency domain, with impulses spaced every W
Combined with the basic input/output relation specified by (2.24), this then

allows us to specify the expected cross PSD:

nlo®

1 H (o,p) 8(wko ) (2.31)

@xy(w,g) = L

In effect, this means that the cross power spectrum of ¢xy can provide us with

information about H only at the discrete frequencies kwo; that is, by using
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this type of impulse train stimulus, we can only infer H at the harmonics of
wo. .

In practical terms, this is not a lot of information. Suppose, for
argument's sake, that the bandwidth of the VER transfer function H were 100
Hz. Suppose also that we decided to stimulate with a steady-state impulse
train, via flashes every 20 msec, yielding a base frequency Wy of 50 Hz. From
(2.31), we would then obtain only three significant measurements of H: one at
zero frequency (w=0), one at 50 Hz (w=wo), and one at 100 Hz (w=2wo). Higher
frequency responses would not register, because of the bandwidth of H, and
intermediate frequency measurements would not be available, because of the
discrete form of (2.31).

This situation is further aggravated in current ssVER work by the
apparently common practice of only measuring the frequency response at the
stimulation frequency. Thus, only one measurement of H is obtained, even when
more would appear to be available.

I1f, instead of the relatively high frequencies now being used, one chose
a stimulation frequency, say, of 1 Hz, then one could theoretically obtain a
spectral measurement every 1 Hz, from zero Hz to the bandwidth frequency of
the transfer function -- in our 100 Hz bandwidth example, this would mean
about 100 gain/phase measurements with which to specify H(w,p). Such a
situation would clearly afford a much richer data environment than the single
point measurements now being made.

This approach, while appealing because of its potential for measurement
efficiency, suffers some drawbacks, however.

The first problem concerns the regularity, in frequency, of the stimulus
signal PSD, and the potential confounding of fundamental responses with
harmonic responses, associated with possible system nonlinearities. 1If

significant VER nonlinearities existed, they might very well go undetected by
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the researcher, and continued use of a quasi-linear system representation
might eventually lead to significant errors in modeling system response.

The second problem with this protocol concerns the uniformity, in
amplitude, of the stimulus signal PSD. From (2.30) it is seen that the input
PSD provides equal (erea) impulses for driving the system. Since the VER is
known to drop off considerably with frequency (Regan (1977)), then one would
expect a considerable disparity between the relatively high response power
measured at low frequencies (say, less than 10 Hz), and the relatively low
power measured at mid and high frequencies. If a reasonable signal-to-noise
ratio is obtained at the low frequencies, then one might expect comparatively
poor ratios at the upper frequencies. Of course, one can "boost"” the overall

input signal level to ensure sufficiently high signal-to-noise ratios

everywhere in the response spectrum, but this may lead to amplitude saturation
of the VER system, thus aggravating the linear modeling problem.

The final problem with this stimulus protocol, and perhaps the most
significant, concerns the use of an impulse-like flash for system stimulation.
Clearly, with a short-duration large-amplitude flash, we run the risk of
incurring amplitude-dependent non-linearities which increases the likelihood
that our quasi-linear model will be in error. Naturally, this potential
short-coming also applies to the "single-shot" stimulus/response protocol used

in obtaining transient VER's.

2.4.2 Identification of the ssVER via Sum-of-Sines

We now consider a steady-state stimulus protocol which, instead of using
a periodic pulse train, uses a "sum-of-sines" signal to modulate stimulus

intensity. By this, we mean a signal of the form

N
121 a;sin(ho t + ¢,) (2.32)

x(t)
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which is a summation over N sinewaves, and in which the ith wave has
associated with it an amplitude a;, a relative phase ¢i’ and an integer
harmonic multiplier hi' By specifying a desired period T for x(t), so that
x(t+T)=x(t), we can then specify the base frequency N according to

w, = 27 /T (2.33)
By choosing the harmonics as positive integers, we can ensure, for each
sinewave component of the signal, that an integral number of cycles appear in
one period of the stimulus x(t).

The auto-correlation function associated with this stimulus can be found
from (2.20):

N a.2

_ 1
6, () = 121 >~ cos(h,w 1) (2.34)

Here, the relative phase information has been lost, but the function retains
the basic period T. The corresponding auto PSD can be found from (2.23):
N 1ra.2

» (0= §J —
X i=1 2

{S(w—hiwo) + 6(w+hiwo)} (2.35)

Substitution into the general stimulus/response equation given by (2.24) then

results in the following expression for the cross PSD, <I>xy:
N 1ra.2

d () =
*y iZ—N 2

H(w,p) 8(w-h @) (2.36)

where H is the VER transfer function being measured, and where, for notational

convenience, we have allowed the index i to take on negative values and

defined h_i=—hi. This result shows that, as in the case of the impulse train

stimulus, the cross power spectrum of d)xy can provide us with information
*

about H only at a finite number of discrete frequencies, in this case, at

a>=hiwo. Superficially, then, it would appear that no significant measurement

*In contrast to the infinite number of frequency measurements potentially
available with the impulse train stimulus.

_27_




advantages are to be had with a sum-of-sines input. However, a direct
comparison of the response equations associated with the two stimulus
protocols, (2.31) and (2.36), shows significant differences.

First, as we noted earlier, the impulse train provides driving power at
all harmonics of the base frequency associated with the input signal, a
situation which can lead to confounding of linear system fundamental response
with non-linear system harmonic response. In contrast, the sum-of-sines input
provides the researcher with the capability for directly specifying all of the
drive frequencies, in an independent fashion, via the selection of the
harmonic multiplier set, {hi}. The confounding problem can thus be simply
avoided by merely ensuring that each hi is a distinct prime greater than one,

so that a mutually prime set of multipliers results. This ensures that a
response measurement at any one input frequency will not contain harmonic
power associated with any other input frequency, so that misleading trends
based on quasi-linear model assumptions will be avoided.mr

Second, this freedom to specify the stimulus frequencies also provides
for operational flexibility in the identification process. For example, if
one wishes to concentrate measurements in some small region of the spectrum
(say, because one anticipates rapid variations in H with frequency in this
region), then one could choose a cluster of hi's to ensure adequate
resolution. Or, one could select the hi's on the basis of eventual plotting
or curve-fitting requirements; for example, if semi-log Bode plots are

anticipated, then it is appropriate to choose the hi's to approximate a

geometric series in frequency.

*Conversely, the presence of significant power at a harmonic of one of the
input frequencies can serve to alert the researcher to the possible presence
of significant non-linearities.
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Third, we note that the impulse train limits the researcher to an
application of power which is uniform with frequency; in contrast, the sum-of-
sines input gives the researcher the capability to "shape" the input spectrum,
via the specification of the sinewave amplitudes, {ai} . Thus, if one
anticipates significant differences in VER attenuation with frequency, one can
minimize the problems associated with low signal-to-noise ratios by
selectively "boosting" the power at the appropriate measurement frequencies,
while also minimizing the potential for driving the system into a non-linear
operating regime.

Finally, it is appropriate to comment on the apparent degree of
"randomness” associated with thé two stimulus signals. The impulse train is,
of course, perfectly periodic in the short term, and th'erefore highly
predictable. Although we are not aware of such a finding in the EEG
literature, this type of stimulation could lead to "anticipatory" or
"predictive" response in the VER, in which the measured response precedes the
associated stimulus response. This situation would clearly violate our
earlier assumption concerning "causality"” of the impulse response function,
and add another dimension of difficulty to the modeling problem, specifically,
that of modeling the system's predictive capabilities.

In contrast, the sum-of-sines signal can be made to appear quite random
and unpredictable by simply:

1) choosing a sufficiently long base period T

2) choosing a sufficiently large number of sinusoidal components N

3) randomizing the choice of phases, {¢i}

The first ensures that, even though the signal is periodic, its period T
will far exceed the prediction time capabilities of the system being measured.
The second ensures the presence of a sufficient number of unpredictable

"wiggles"” in the waveform, due to the contributions of the different
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sinusoidal components. The last, phase randomization, ensures that, even if
the system "learns" the stimulus over the course of a single trial, an
entirely new stimulus can be generated for the next, by rerandomizing the
phases. A comparison of the time history expression of (2.32), which includes
the phase information, with the autocorrelation and PSD functions of (2.34)

and (2.35), in which the phase information is effectively "lost," shows that
we still stimulate the VER system with the same basic identification signal,
although its realization in time can appear quite different (and
unpredictable) from trial to trial. Thus, the use of a sum~of-sines signal

allows us to choose stimulation parameters which ensure a random-appearing

input, which, in turn, supports the development of a causal model of the VER.
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3. QUASI-LINEAR VER MODEL ANALYSIS

The use of a quasi-linear VER model of the form described in the previous
chapter, in conjunction with a sum-of-sines stimulation protocol, leads to
significant simplifications in subsequent model analysis. In this chapter, we
describe the implications for both signal processing and model development,
and outline the resulting functional requirements for implementation in an

integrated software package.

3.1 SOS Stimulation and the Quasi-Linear Model

The use of a sum-of-sines (SO0S) stimulus provides certain simplifications
in subsequent data processing and frequency analysis. To see this, we can
recast the basic quasi-linear response equation of (2.6) as follows:

y(t,p) = z(t,p) + n(t,p) (3.1)
where, as before, n represents the noise, and where we have introduced z to
represent the correlated (linear) portion of the response. A sketch of this
quasi-linear model is given in figure 3.1. Since the noise is uncorrelated

with the linear response, the total response PSD °yy is given by

¢W(Q'E) = ‘bzz(u:E) + QM(U'E) (302)
which is simply a restatement of (2.25), where
¢ (w,p) = |H(U,E)I2¢u(u) (3.3)
NOISE
TRANSFER
FUNCTION N
X Zz + + Y
H(s,p) -
——————{ ’ o
\/
STIMULUS RESPONSE

87-102

Pigure 3.1: Quasi-Linear Model
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Now, the use of an SOS stimulus ensures that the input signal will
contain power only at a selected set of "input" frequencies (the hiwo of
(2.32)). Since there will be no stimulus power at non-input frequencies, any
measurement of response power at non-input frequencies must be attributed to
VER noise.* In terms of the response power equation of (3.2) above, this
means that

d>yy(w,g) = énn(w,g) for w # hiwo (3.4)
Thus, an estimate of the noise PSD, (bnn' in the neighborhood of a nominal
input frequency, can be obtained by averaging the response power measurements
over a frequency band on either side (but not including) the input frequency.

To see how this might be implemented, we assume the use of a discrete
Fourier transform (DFT; see Oppenheim and Schafer (1975)) for the basic
transformation of time-domain data into frequency-domain data. The transform
effectively provides us with signal amplitude a and phase ¢, at each frequency
w, to a resolution Aw (the spectral "bin" size). If we chose the recording
"window" size to equal the period T of the sum-of-sines signal, then the
resolution Aw will equal the base frequency Wy If this is sufficiently small
(T sufficiently large), then the output power relation of (3.4), can be
obtained via simple multiplication by the "bin" size w,*

%ai @) = & (0P, = & (0P, = 2a2 () (3.5)
where, as before, o excludes the input frequencies hiwo, and where we have
introduced the (sinusoid) amplitudes associated with the response and noise

signals, ay and a s respectively. We can then obtain an estimate for the

average noise power at an input frequency by averaging over the uncorrelated

*and measurement system noise, which, for our purposes, we assume to be
negligibly small.
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response power, in the neighborhood of that frequency. Assuming discrete

frequency measurements, we could average as follows:

— Kni
a2 o)== § alke)  (k¢h) (3.6)
n 1io y o i *

k=klo

X

where M is the number of measurements being averaged (equal to khi_klo) and
where klo and khi are the transform indices defining the "low" and "high"
frequency bins delineating the averaging neighborhood surrounding the input
frequency hiwo. Note that the averaging specifically excludes the correlated
response power at hiwo.

With this estimate for the noise power, we can then directly estimate its

fractional contribution to the total response power, at each measurement

frequency, by simply calculating the ratio ai/ai If this is large (say,
greater than 25%), then we are alerted to the fact that our correlated
response measurement may not be particularly reliable. If the converse

situation holds, however, we can obtain an estimate of the correlated response

power by use of (3.2):

12
sa, ()=t (o,plo, = [¢W(w,g)-¢m(w,e)]wo (3.7)
~ %ai(u) - 2a2(w)

for w equal to hiwo. This, in turn, allows us to estimate the transfer
function gain g at the input frequencies. From the relation given by (3.3),

- _ 1/2
gy(@) = |H(0,p) | = [¢,, @R/, ()]

= az(w)/ax(w) (3.8)
where a, is obtained from (3.7), a, is the corresponding input sinewave
amplitude ajs and the relation is restricted for w equal to hi“B' Thus, we
have a relatively straight-forward method for estimating the gain gH of the
linear transfer function H.

To find the phase, ¢H' we assume that the noise phase is uniformly

(randomly) distributed with frequency, with zero mean over a range from -7 to
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+r radians. Since the Fourier transform of the response equation (3.1) is
given by:

Y(w,p) = Hw,p)X(w) + N(w,p) (3.9)
the corresponding signal phases must be given by:

dy(@) = ¢ (w) + ¢ (w) + ¢p(w) (3.10)
Taking the average value of this relation over the course of a measurement run
results in the following expression for estimating the transfer function
phase:

¢H(w) = ¢Y(w) -¢x(w) (3.11)
assuming zero mean noise phase ($N=0), and assuming that ¢Y is measurable from
the Fourier transform of the response signal. The phase ¢x is simply the
(run-fixed) sinewave phase (¢i) used in specifying the SOS signal.

Thus, (3.8) and (3.11) provide us with the means of calculating the
transfer function gain and phase, at all of the input frequencies specified in
the sum-of-sines stimulus. Use of (3.7) allows us to estimate the noise power
at these frequencies, and, by dividing by the base frequency W the noise PSD
¢nn over the measurement spectrum. These relations, which take advantage of
the special properties of thz S0S input, allow us to efficiently and

completely specify the quasi-linear model of the VER.

3.2 Identification of Quasi-Linear Model Structure and Parameters

For a complete description of the quasi-linear model, we need to specify
H and énn’ for the frequency range of interest to us. Assuming N measurement
frequencies form the SOS stimulus, the frequency domain data will consist of N
"triplets” of the form {(g,, ¢,, r;) , (i=l,....N)} where the ith triplet is
associated with the ith measurement frequency w, . The problem is then one of
fitting or matching these triplet data points by an appropriate choice of

continuous model functions H(w) and @nn(w).
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The problem breaks down to two simpler problems if we assume that we can
fit the gain/phase data with H(w) independently of fitting the remnant data
with @nn(w).

Identification of the noise PSD is straightforward, given that we have
available an estimate of remnant power density for each measurement frequency
w, . If a fixed-form remnant PSD model dhn(u) is specified, then it is a
direct matter to use standard non-linear least-squares model fitting
procedures (e.g., Dixon (1973)) to chose the parameters of tbnn(u) to provide a
"best-fit" to the required PSD data. Iteration over a number of different
forms of énn can then be used to identify both the form and the parameter
values which best fit the data.

Identification of the transfer function H is not quite as
straightforward. The conventional approach is to use "Bode-Plot" fitting. An
example is given by Zacharias (1982), where a second-order transfer function
with delay of the form:

H(s) = e Ta%[Ka2/(s? + 283 s + D)) (3.12)
is fit to actual ssVER gain/phase data. The data is shown in Bode-Plot form
in figure 3.2; five-run ensemble means and standard deviations (SD) are
indicated by the circles and bars, respectively. The smooth gain/phase curves
are those of fitted model transfer functions: the solid curve represents the
second-order model of (3.12) and the dotted curve corresponds to a similar
fourth-order model.

The fitting procedure was accomplished by minimizing a model-matching
error function, of the form
ri [‘-"i‘ g(ui>]2 ) ri [«ti— ¢(ui>]2

agi °¢i

where (gi, agi) is the ith gain mean and SD, (¢i, °¢i) is the ith phase mean

(3.13)

i=1 i=1

and SD, and g(wi) and q)(wi) are the gain and phase predicted at the ith
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measurement frequency w;s ON the basis of the model (3.12). The actual
fitting itself involved a numerical search for the best set of model

parameters (K, ,So) defining H.

1d,u°
Levison and Zacharias (1984) note two advantages of this approach:

1) By normalizing each data-model error component of (3.13) by the
data's associated SD, we obtain error weighting which is inversely
proportional to the data's SD, and hence directly proportional to the
data's reliability.

2) By this normalization, we also solve the "apples/oranges" problem due
to the different dimensions used for gain and phase (typically dB and
deg); both are normalized to dimensionless units of SD.
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Figure 3.2: ssSVER Gain and Phase vs. Frequency (data from Junker (1982))
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These advantages, coupled with past investments made in software packages
implementing this approach, have served to make this type of Bode-Plot model
identification now an almost traditional approach with many researchers. The
approach, however, has some significant shortcomings. They can be summarized
as follows:

1) The Bode-Plot format of data presentation requires a detailed
knowledge of the phase behavior. As noted by Levison and Zacharias
(1984), this knowledge is not available when measurement frequencies
are sparsely spaced over frequency regions in which phase changes
rapidly (such as in figure 3.2), leading to situations where the
measured phase can be off by an integer multiple of 360°. A method
of "unwrapping" the phase shift may be required to obtain a true
picture of the frequency-dependency of the phase response.

2) Error normalization by the SD gives excessive weighting to data
points having unusually low variability. Resort must be made to ad
hoc procedures to accommodate these situations, such as limiting the
maximum weighting value, or assigning arbitrary-value minimum SD’s.

3) The Bode-Plot ensemble-average fitting procedure generates a set of
model parameter means but no corresponding set of parameter SD's.
Model-based hypothesis testing across experimental conditions is thus
considerably more difficult, because of a lack of parameter
reliability information.

4) Because the error normalization is based on ensemble-average SD's,
the approach, of necessity, requires an ensemble of data
replications, so that single-run model fits cannot be accommodated
without recourse to some alternate means of generating SD
information.

These are distinct shortcomings for a method that is to be applied to a
state-of -the-art investigation of the ssVER. An alternate approach, having
the potential of avoiding these problems, can be based on the Nyquist-Plot
representation of frequency response data, given in figure 3.3. It combines
the two gain and phase Bode plots into one plot, with frequency now a
parameter along the curve. Every point on this curve can be defined in terms

of its polar coordinates, specified by a radius, given by the transfer

function gain g(w), and an angle, given by the transfer function phase ¢(w).
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Also shown on the sketch is a transfer function data point associated
with the ith measurement frequency w, . It is similarly specified in polar

coordinates by gain 9 and phase 01.

!
im model at =y

€4

ith data
point atw = wy

=~ Re

\‘7 87-107

/ ~—~model curve

w
Figure 3.3: Nyquist-Plot Representation of Frequency Response Data

We now associate with each point a vector. With the ith point on the
model curve, we define the vector g(ui), having a length g(ul) and orientation
¢<wi)l Or'

l_z(wi) = g(”i)”(“i) (3.14a)
Likewise, with the ith data point, we define the corresponding vector EL given
by

gl = gi“i (3.14b)
Clearly, the error between model and data is a vector quantity, which we
define as:

e, =h, - h) (3.14c)
For N data points, we will have N such error vectors. Fitting the model to

the data implies that we minimize these error vectors to assure “closeness"”
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between the model curve and the data points. The most direct means of doing

this is by defining the following model-matching cost function:

N 2
3= 1 lel®= 1 e;-e (3.15)
i=1 i=1

which allows us to minimize the sum of the squares of error vector lengths and
thus force the model transfer function H to fit the data.

This approach has a number of advantages over conventional Bode-Plot
modeling:

1) Because the matching function of (3.15) is based on the Euclidean
distance metric dimensioned in the natural units of the transfer
function, there is no need for normalizing individual data-model
error components (as there is in the case with the Bode-Plot gain and
phase error metrics). In particular, we need not normalize by data
SD's, as the conventional approach requires.

2) By not requiring error normalization based on data SD's, we avoid the
problem of how to treat data points having unusually low variability;
we need not resort to ad hoc procedures. More importantly, however,
by not requiring SD error normalization, we totally eliminate the
need for working with ensemble-averaged data. Thus, single-run model
fits can be made and used to investigate factors whose effects are
expected to show up at a single-run level.

3) In addition to allowing single-run model fits, the method also
provides us with a means of computing the statistical reliability of
the parameter estimates, and thus enabling model-based hypothesis
testing of different experimental factor effects. This follows since
the method produces model parameters for each individual set of
frequency data. Thus, we can calculate, for each condition or
factor, not only the mean parameter values (for example, the
parameters of the model of (3.12)), but also the SD's associated with
those values.

4) The Nyquist-Plot format of data presentation avoids the "phase
wrapping" problems associated with the Bode-Plot format. This is
because the polar coordinates used in constructing the Nyquist-Plot
require only modulo-360° phase angle values; multiple turns or
"wraps"” have no effect on the plotted location of a data point.
Thus, the Nyquist-Plot approach places no special demands on
developing an "unwrapping logic," nor does it require the use of
excessively close measurement frequencies in regions of rapid phase
changes.

3.3 Requirements for Stimulus Protocol and Model-Based Analysis

On the basis of the above discussion concerning various approaches to

identifying and modeling the VER, we recommend a basic approach which is
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centered on a quasi-linear representation of the VER "system,"” and which
utilizes steady-state sum-of-sines stimulation for empirical identification of
system structure and parametric values. The model identification effort is
aimed at a specification of both the linear (transfer function) portion of the

VER and the uncorrelated noise (remnant) portion.

3.3.1 Stimulus Protocol

The recommended stimulus protocol uses a sum-of-sines signal to directly
modulate stimulus intensity. This requires a light source which can be
continuously modulated (in contrast to conventional strobe sources), and a
real-time sum-of-sines generator to provide the modulation signal. For the
generator, a general-purpose digital computer can implement the calculation of
the sum-of-sines signal in accordance with (2.32). Associated (pre-run-time)
software allows for convenient specificatinn and/or modification of the sum-
of-sines signal parameters: the base frequency Wy the number of sinusoidal
components N, the set of harmonics, {hi}' and the set of desired signal
amplitudes and phases, {ai, ¢i}.

The stimulus generator can also provide the option for generating a
different stimulus sequence for each stimulus/recording trial, to minimize
potential "learning"” effects. As discussed earlier, this is implemented by
generating a new set of randomized signal phases, prior to the start of a data

run.

3.3.2 Data Recording

For convenience in later analysis, the run-time computer is used for
recording both the stimulus and the evoked response. The software
implementing this recording function also supports necessary housekeeping

functions associated with data file maintenance, such as providing for
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inclusion of data headers (identifying the subject, the run number, date,
etc.) and important stimulus/response parameters (e.g., sample period, sum-of-

sines parameters, calibration voltages, etc.).

3.3.3 Frequency-Domain Analysis

Frequency-domain analysis of the stimulus/response data is conducted to
support development of the quasi-linear model. In particular, we r ecommend
the jeneral approach outlined in chapter 2 earlier, which is specific to the
sum-of-sines stimulus signal, and which provides for efficient and reliable
estimates of both the linear and noise components of the quasi-linear VER
model.

For flexibility in processing, we recommend that, at a minimum, the
analysis package support the following basic functions:

1) Opening and reading the raw data files, and providing access to both
the file management information and the data itself.

2) Calculating relevant time-domain signal parameters, such as signal
mean, variance, etc.

3) Calculating the discrete Fourier transforms (DFT's) of both stimulus
and response, and their corresponding power spectral density (PSD)
functions.

4) Estimating the linear transfer gain and phase, at the measurement
frequencies, and providing an indication of correlated response

measurement reliability.

5) Estimating the uncorrelated response noise PSD, at the measurement
frequencies.

6) Writing and closing reduced data files, containing the relevant
frequency- and time-domain measures, along with necessary file
management information.

7) Supporting appropriate hard-copy printouts, operating mode options,

and other user-oriented features which will facilitate ease and
flexibility of use.
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This analysis package will be devoted to the transformation of individual
raw data (time-domain) files into corresponding reduced data (frequency-
domain) files, on a one-for-one basis. Thus, for every replication, subject,
and experimental condition for which there exists a valid raw data file, we

would expect to generate a corresponding frequency-domain file.

3.3.4 Ensemble Averaging

To reduce the number of frequency-domain data files, and to provide a
means for reducing frequency-domain estimation errors, we recommend the use of
ensemble averaging of the estimates, across appropriate data files. For
example, to minimize sensitivity to such effects as habituation and fatigue,
one might average across replications, for a single subject and test
condition. If no significant inter-subject differences were found at this
level, one might then average across subjects, for a fixed test condition.
The potential for both data reduction and error minimization is considerable,
and we see such a capability as a highly.-useful adjunct to the basic
frequency-domain analysis package.

We recommend that, at a minimum, the averaging package support the
following basic functions:

1) Opening and reading the frequency-domain data files requested by the
user, and providing access to both the file management information
and the data itself.

2) Providing options to the user regarding data sets to be averaged,
checking for invalid or missing data points, and calculating the
appropriate ensemble averages and corresponding standard deviations.

3) Writing and closing ensemble-average data files, containing the
relevant reduced data, along with necessary file management
information.

4) Supporting miscellaneous user-oriented functions, as required.

This averaging package will be devoted to the transformation of numerous

individual frequency-domain data files into a small number of averaged data
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files, corresponding to specific experimental conditions (and possibly
subjects). We expect that, if significant inter-subject variations are not
found, then only a few files will result, one associated with each

experimental condition imposed on the subject population.

3.3.5 Model Development

To reduce this data still further, and provide an understanding of SsSVER
dependence on imposed workload, we recommend the development of analytic
quasi-linear models to account for the averaged data trends. In its most
basic form, this model development effort consists of the following tasks:

1) On the basis of the linear gain and phase trends with frequency,

propose a linear fixed-form model for the transfer function.
Likewise, on the basis of the noise trends with frequency, propose a

linear fixed-form "shaping filter" for the noise PSD.

2) For each model so obtained, optimize the model parameter set p to
minimize the residual fit error, between data and model.

3) 1Identify condition-dependent (i.e., state-sensitive) parameters
(comprising the set Em) by comparing derived parameter sets across
conditions.

4) Iterate on the choice of fixed-form models, and reoptimize the
parameter set, to globally minimize data-fitting errors and maximize
parametric sensitivity across conditions.

5) Summarize parametric dependence on or correlation with internal
mental state either analytically or graphically, and propose a model-
based mental state metric.

This model development exercise should culminate in an analytic quasi-
linear model of the VER, which succinctly summarizes the experimental data.
If the subject mental state can be successfully manipulated and controlled,
and the VER is found to reflect these manipulations with sufficient
sensitivity, then the derived analytic model, with its optimized parameter
set, should provide a parametric indicator of internal mental state. This

indicator can then serve as the basis for a preliminary specification of a

model-based metric.
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4. SOFTWARE DFSCRIPTION, EXPERIMENT DESIGN, AND PRELIMINARY RESULTS
We now describe the VERSOS software package developed for ssVER
experimentation and analysis, outline the experimental design effort, and

summarize the results of a pilot ssVER study conducted at LaRC.

4.1 VERSOS Package for ssVER Research

The VERSOS software package is designed for use in SsSVER experimentation

and analysis. The package consists of four main programs.
1) VERRUN: This provides for pre-run setup of the experimental
parameters, generation of the run-time sum-of-sines (SOS) stimulus,
recording of the resulting response, and calculation of simple post-

run statistics.

2) VERNAL: This supports time- and frequency-domain analysis of the
time histories recorded by VERRUN, and provides for computation of
the EEG RMS signal levels, and ssVER transfer function and remnant
spectra.

3) ENSMBL: This calculates ensemble average statistics across
individual subject runs, for the time- and frequency-domain analysis
data generated by VERNAL.

4) MODLER: This supports the fitting of specified analytic transfer
functions to the ensemble average transfer function data generated by
ENSMBL, and supports the generation of an optimized model parameter
set.

These programs will be described in more detail in the remainder of this
section. Program listings are given in the Appendices.

Figure 4.1 is an overall block diagram showing the data flow between
programs. The VERRUN program generates the *.dat files, which are comprised
of a header describing the run itself, and data arrays containing the recorded
stimulus/response data. The VERNAL program processes the *.dat files to
generate corresponding *.anl files, containing the reduced time- and
frequency-domain data describing each run. The ENSMBL program processes

several of these *.anl files, to generate a single corresponding *.ens file,

containing the ensemble average statistics. Finally, the MODLER program
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processes each *.ens file, to generate a corresponding *.mod file, containing

the fitted model function and parameters.

% DAT * ANL
VERRUN VERNAL -
* ENS *MOD
.| ENsMBL MODLER |
— 87-104
s = |

Figure 4.1: Data Flow with VERSOS Package

We now describe the functions of the four programs in greater detail.

4.1.1 VERRUN: Run-Time Control

VERRUN is intended for use in the closed-loop stimulus/response
environment sketched in figure 4.2. The stimulus generator is driven by the
software, through a digital-to-analog (D/A) converter, via a commanded S0S
signal Ic. The generator, in turn, provides an intensity-modulated visual
stimulus I for driving the human subject's ssVER. The resulting scalp
voltages (E, through E,) are transduced and amplified by the EEG recording
hardware, and the measured voltages (;1 through I.ZN) are sampled through a
multi-channel analog-to-digital (A/D) converter. A stimulus intensity signal
(;) is likewise transduced and sampled, through an additional A/D channel.
VERRUN implements four major functions as diagrammed in figure 4.3:

1) 1Initial setup and parameter specification

2) Pre-trial initialization

3) Real-time SOS generation and data recording

4) Post-trial file maintenance.
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Figure 4.2: Closed-Loop Stimulus/Response Environment
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Typically, initial setup and parameter specification is performed only at the
start of a multi-trial experimental session, and the remaining three functions
are performed in order during each experimental trial.

A user will generally want to use the same time-base and SOS parameters
throughout an entire experiment (except for re-randomization of the SO0S
phases). Since VERRUN can be initialized with values stored on a previously-
created data file, an entire experiment can be run with a minimum of user

interaction with the program.

Initial Setup and Parameter Specification:

Both time-base and SOS parameters are specified during this
initialization phase. Parameters may be specified in one of four wavs:

1) Read all parameter values from a previously-created file.

2) Request "nominal” (pre-stored) values for all parameters.

3) Specify all parameters interactively.

4) Request nominal values for time-base (or SOS) parameters and specify
S0S (or time-base) parameters interactively.

If parameters are specified interactively, or if nominal values are
requested individually for the time-base and SOS parameter sets, the user is
provided an opportunity to review and modify parameter values before
continuing on. This review/modification option is omitted if the parameters
are read from a file, or if nominal values have been requested for all
parameters.

The user is then asked if he wishes to perform a run. If so, VERRUN
executes pre-trial initialization. If not, the parameters are stored on a
file specified by the user, and VERRUN provides the options of: 1) specifying
another parameter set; 2) performing an experimental trial; and 3) terminating

the program.
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With direct user specification of the time-base parameters, the user is
prompted to enter the sample interval in milliseconds, IS' and the overall run

length in seconds T_, defining the duration of an experimental trial. Both

R’
entries are checked against minimum and maximum limits; nominal as well as
limiting values are shown in Table 4.1. VERRUN then computes the sample
interval in seconds, TS’ and the number of samples per trials, NR, as follows:

T

S

g

IS/1000 (4.1)

TR/TS +1 (4.2)

Values specified for I_ and T_ are checked again to make sure that NR does not

S R

exceed the system's preset upper storage limits; nominal values are given in

table 4.1.
Table 4.1: Time-Base Parameter Values and Limits
Parameter Units Nominal Minimum Maximum
IS msec 10 1 100
TR sec 50 0 100
NR -- 5000 0 10,000

Given the total number of sample points NR comprising a run, VERRUN
specifies the total number of sample points No for one period of the S0S
signal. For compatibility with the VERNAL FFT routine used for signal
analysis, the value for No is chosen to be the largest power of 2 less than or

equal to N VERRUN also computes the overall SOS period in seconds To’ the

R
base frequency in Hz fo' and the base phase in degrees g), as described in
section 2.4. Time-base parameters are then listed for user verification and
respecification if not satisfactory.

With direct user specification of the SOS parameters, the user is first

prompted to specify the number of sinewave components, Nc. This may be done
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by specifying the "nominal” value option, or by direct entry, in which case
limit checks are provided. Limiting and nominal values are given in table
4.2.

The user is then prompted to specify a desired SOS frequency set, fa,
where j ranges from 1 to Nc’ fé is in Hz. This can be done by specifying the
"nominal” frequency set option (if Nc is nominally specified), in which case
the first Nc components of the nominal frequency set are selected. If the
user chooses instead to specify the NC frequencies directly, VERRUN allows for
corrections to be made during data entry, and provides checks to ensure that
the chosen frequencies are consistent with the previously-chosen sample and

run times. Limiting and nominal values are given in table 4.2.

Table 4.2: SO0S Parameter Values and Limits

Parameter Units Nominal Minimum Maximum Note
N -— 6 1l 15
[od
fj Hz 5,10,... fo fs/z (1)
53. - 1,1,1,... 0 100
¢j deg - 0 360 (2)
IRMS volts 1 0 5

Notes: (1) fo = 1/To and fs = l/Ts

(2) nominal values set by random number generator

Once the desired frequency set has been specified, VERRUN then computes,
for each component, the nearest corresponding integer multiplier according to:

hj = [fj/fo] (]=l,...,NC) (4.3)
This then yields the harmonically related SOS frequencies fj' where

fj = hj fo (J=l,...,Nc) (4.4)
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Naturally, progressively smaller values of fo allow for progressively closer
matches between the desired drive frequency sets fa, and the actual
harmonically derived set, fj. Smaller values of fo can, in turn, be obtained
by increasing To.

Once the S0S frequency set has been specified in this fashion, the user
is provided the opportunity of listing both desired and actual frequencies,
along with the corresponding harmonics. If not satisfactory, VERRUN allows
for respecification.

Following SOS frequency specification, VERRUN prompts the user for the
distribution of SOS amplitudes with frequency. This is done by specifying
normalized (dimensionless) amplitudes éj, which are related to the SOS

(dimensioned) amplitudes aj, by a scale factor r, or:

ay = rE—ij (3=1y ... /N) (4.5)
so that, with r free, the user can specify the shape of the aj distribution,
independent of the signal RMS level.

The normalized amplitudes 5j may be set by specifying the "nominal”
amplitude set option (if NC is nominally specified), or by direct entry of the
NC normalized amplitudes. If the user chooses the latter, VERRUN allows for
corrections to be made during data entry, and provides checks to ensure that
the chosen amplitudes are within prespecified limits. Limiting and nominal
values are given\in table 4.2.

Once the normalized amplitude set has been specified, VERSOS then prompts
the user for the desired RMS signal level of the SOS signal, IRMS' This may
be done by specifying the "nominal” value option, or by direct entry, in which

case limit checks are provided (limiting and nominal values are given in table

4.2). VERRUN then computes the amplitude scale factor r according to:
-1/2
N 2]

r=y2 1 [ XC a
RMS j=1 j

(4.6)
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By then computing the SOS amplitudes according to (4.5), VERRUN ensures that

the SOS signal I(t) will have the desired RMS level, since

N
12 (t) = XC
=1

N

a§ = % r? ‘}_ZIC 5? = Ilzms (4.7)
j=1

Following SOS amplitude specification, VERRUN prompts the user for a
desired SOS phase set, ¢j, where j ranges from 1 to g:. Phases can be
selected in one of three ways:

1) The "nominal" selection procedure

2) Specification of a "seed" for picking a set of random phases

3) Direct specification of phases.

If the user chooses the nominal option, VERRUN uses a random number generator
to select uniformly distributed values between 0 and 360 deg; the "seed" of
the random number generator is automatically changed from run to run to allow
for a consistent means of randomizing the phase sets each run (and thus the
SOS time history). 1If the user specifies the seed for phase randomization, or
specifies phases directly, VERRUN allows for corrections to be made during
data entry, and provides checks to ensure that the chosen phases are within
prespecified limits (given in table 4.2).

Once the desired phase set has been specified, VERRUN then computes, for
each component, the nearest corresponding integer phase multiplier, pi,
according to:

pj = [4’3/%] (j=1,...,Nc) (4.8a)
The SOS phases can then be computed as integral multiples of the base phase as

¢j = Pj . ¢o (4.8b)
This, of course, quantizes the phase choices, but progressively smaller values
of ¢° allow for progressively closer matches between the desired phase set ¢5

and the actual set ¢j. Smaller values for ¢b can, in turn, be obtained by

reducing the ratio of TS/To'
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Pre-Trial Initialization:

Pre-trial initialization consists of four basic steps. First, if an
experimental trial has just been completed, and the user has requested another
run, the user is provided the option to change all, some, Oor none of the time-
base and SOS parameters. If the user requests no changes, SOS component
phases are automatically re-randomized. This step is omitted on the first
trial following initial setup and parameter specification.

Next VERRUN displays the date, time, and run number selected for the
upcoming trial. The run number is set to 1 during initial setup and is
automatically incremented by 1 for successive trials. The user either accepts
or modifies the run number and then specifies up to 6 lines of commentary.

VERRUN then prompts the user for a filename for parameter and data

storage. After some simple legality checks on the entered name, VERSOS opens
a file and writes out the header: that portion of the data file comprised of
the (previously-defined) run parameter values, along with miscellaneous
housekeeping parameters and tags to aid in later data file maintenance.
Finally, VERRUN generates a pre-stored version of the entire SOS signal
to be used. This is done by first generating and storing a “"quarterwave" sine
table associated with the sample and base periods, TS and To' of the SOS
signal. With this table, the sampled-time version of the SO0S5 signals is then

computed for all N_ samples which comprise a complete run. Each sample value

R
is then scaled for eventual conversion by the D/A hardware, and then stored in
a linear data array. With the SOS signal generated and stored, VERSOS prompts

the user for a "run start" signal, and waits for the user's response.

Real-Time Control:

Once a start signal is received from the user, VERRUN zeros the D/A

channels and starts the digital clock "ticking" at a pre-specified rate
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(nominal clock rate is 100 kHz). After the clock has counted down the number

of ticks corresponding to the desired sample interval T D/A and A/D

sl

conversions are performed. This cycle is repeated N_ times to generate an

R
experimental trial of the desired length TR seconds, after which the clock is
stopped and the D/A channels zeroed.

Two signals are generated each sample interval: 1) a square wave
alternating between maximum positive and negative values on D/A channel 0, to
be used for test purposes; and 2) the SOS signal on channel 1, obtained by
table lookup.

Three signals are recorded by A/D channels 1-3 and are stored in the same
linear array containing the SO0S stimulus signal. The data sequences recorded
from the three A/D channels are interleaved with each other and with the SO0S
stimulus. That is, the first element of the linear data array contains the
first SOS sample, the second through fourth elements contain the first samples
recorded from A/D channels 1-3, respectively, the fifth element contains the

second SO0S sample, and so forth. The linear data array will therefore contain

4*NR samples at the end of the experimental trial.

Post-Run File Maintenance and Multi-Run Control:

VERRUN "closes-out" a run by first writing the recorded data strings onto
the file opened at the beginning of the run, thus appending the data to the
parameter set used to specify the run. The file is then closed, and the user
is provided the options of: 1) performing another run; b) setting up a
parameter file; or 3) terminating the program. If another run is requested,
the run number is incremented, and VERRUN proceeds with pre-trial
initialization as described above. Request for a new parameter file returns

the program to the initialization mode described earlier.
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4.1.2 VERNAL: Post-Run Analysis

VERNAL performs the five major operations shown in figure 4.4. This
program is menu-driven in that the user specifies interactively, via a "part”
number, the operation VERNAL is to perform. Upon completion of a given
operation, the user specifies the next operation to be performed. A part

number of 0 displays the options shown in figure 4.4, and a part number of -1

terminates the program.

HEADER READING

HEADER LISTING

TiME-DOMAIN
STATISTICS
COMPUTATION

SIGNAL SPECTRA
COMPUTATION

DESCRIBING FUNCTION
COMPUTATION

HEADER/DATA
WRITING

87-106
Figure 4.4: Major VERNAL Punctions
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Part 1 (read header) must be performed first; otherwise, program parts
may be executed in any order. Figure 4.4 shows the typical order in which
program functions are executed. These functions are described individually

below.

Part 1: Read Header:

Once the user has specified the name of the data file, VERNAL opens the
file, reads the header information, and leaves the file open for subsequent

reading of the experimental data.

Part 2: List Header:

Header information consisting of run identification, problem parameters,
and user commentary, is displayed on the user's terminal. If the user then
discovers he has not requested a file of interest, he may next request re-
execution of Part 1, in which case the current file is closed, and a new file

is requested and opened.

Part 3: Time-Domain Statistics:

When a statistical computation (either time- or frequency-domain) is

first requested for a given data file, VERNAL reads the experimental data from
the current file, stores the data in a linear array, and closes the file. The
user is informed of the currently specified starting point for calculations,
and is given the option to change the start point, which must lie within the

is the number of samples/channel in the

range of 1 to (NR —No +1), where NR

experimental trial, and No is the number of samples in the SOS period. This
restriction guarantees that No samples will be available for computation. The

user will typically request a start point greater than 1 to minimize the
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influence of the transients that most likely followed the onset of the SOS
stimulus.

Before computing time-domain statistics, VERNAL provides the option to
list the entire data base stored in the integer scaled array IDATA, or to list
an array XDATA of data from a single channel of the user's choosing. Unless
the user is debugging the program, or suspects unusual response behavior, this
option will typically not be exercised.

The primary function of this part is to compute mean, standard deviation,
and RMS signal amplitudes. These quantities are computed for all data

channels and displayed on the user's terminal.

Part 4: Spectra:

Part 4 computes the spectra of one or more signals of the user's
choosing, using fast-Fourier transform (FFT) techniques. Once the spectrum
has been computed for a specified data channel, the user has the option of
listing either the entire spectrum (i.e., at all FFT frequencies) or the
spectral components at only the SOS frequencies. Again, unless the user is
debugging the program or looking for some specific spectral feature (say,
evidence of significant nonlinear response behavior), the full spectrum option
will typically not be exercised.

Whether or not this option is exercised, VERNAL will list, for each input
frequency:

1) Correlated power per measurement bin

2) Remnant power per bin

3) Ratio of the correlated to remnant power

4) Correlated power per rad/sec

5) Remnant power per rad/sec

6) Ratio for correlated power to remnant power (rad/sec)

7) Number of frequency bins included in the remnant averaging window.
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These spectral quantities are given in dB. The following overall statistics
(in problem units) are then listed:

1) Correlated power summed over all input frequencies

2) Rate of correlated to total signal power

3) Remnant power summed over all non-input frequencies

4) Rate of remnant to total power

5) Total signal power (i.e., sum of all spectral computations over all
frequencies).

The user is then given the option to perform another spectral analysis or to

specify another program part.

Part 5: Describing Functions:

Part 5 performs a describing function analysis to obtain transfer
functions relating stimulus input to EEG response. When execution is begun,
VERNAL prompts the user for indices corresponding to the desired numerator and
denominator channels. After the requested describing function h has been
computed, gain (in dB) and phase (in degrees) are printed out at each SOS
frequency, except that computations failing a 6 dB signal/noise ratio test are

flagged by a printout of the string (****). The user then has the option of

computing another describing function or specifying another program part.

Part 6: Histogram Plots:

Part 6 provides the user with a plot of the amplitude histogram for a
chosen signal channel. When this section is chosen, VERNAL prompts the user
for the desired channel number, and for the desired amplitude bin magnitude.
VERNAL then computes the frequency distribution of the sampled signal

amplitudes, and generates a rudimentary sketch of the amplitude histogram on
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the user's console, for immediate review by the user. The user then has the

option of computing another histogram or specifying another program part.

Part 7: Summary and File Writing:

Part 7 generates a summary set of aralysis data and supports the
generation of output *.anl files. The signal time-domain statistics for all
channels are first computed. This is followed by a computation of the spectra
for two channels: one containing the stimulus recording and the other
containing one of the two recorded EEG channels. VERNAL then computes the
corresponding ssVER transfer function. The time-domain statistics, signal
spectra, and describing function are then all written to the specified *.anl

file, which is then closed. The user then has the option of generating

another summary file or specifying another program part.

4.1.3 ENSMBL: Multi-Run Statistics

ENSMBL takes in the experimental time history data for each subject and
calculates the across-replication and/or across-subject mean u and standard
deviation ¢ for:

1) RMS signal levels (for the stimulus and response on each channel)

2) ssVER transfer function gains at each test frequency

3) ssVER transfer function gains at each test frequency

4) Uncorrelated ssVER response, or remnant
Ensemble statistics, for the ith measurement at the kth run, are calculated in

the conventional manner, according to:

1 N
) A5, 5 (4.9a)
9 41
N
2 _ —L _ 2
e i) A5(d; e~ g0 (4.9b)
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where the summations are over all N subjects, where dijk denotes the ith
measurement for the jth subject at the kth trial (covering RMS score, gain,

phase, or remnant measurement), and where
N
N = ) A, (4.10)
where the flag Aj denotes whether a measurement is "good" or "bad," in accord-

ance with

A, =0 "bad" (4.11)
J 1 ngoodn

Denoting whether a data point is "good" or "bad" generally applies only to
gain/phase data. If the uncorrelated response power, at a given measurement
frequency, exceeds approximately 20% of the total power, then the gain/phase
measurement pair is flagged as "bad," and the corresponding Aj set to zero.
The RMS signal level and remnant measurements are not flagged in this fashion,
but any missing data point is so-flagged (i.e., when there are "holes" in the
data base).

As noted, across-subject mean and standard deviation calculations are
done in accordance with (4.9), for each RMS level, gain, phase, and remnant
measurement. Since we generate a mean and standard deviation for each set of

M measurements, we effect, in general, a reduction by a factor of M/2 in

overall data set size, assuming all measurements are "good."™ It should also
be noted that a measurement will occasionally be "bad" across all subjects or
"good" for only one subject. In this case, the standard across-subject
deviation is undefined, so that the corresponding ensemble mean is flagged as
a "bad" point.

Finally, it is appropriate to note that ENSMBL can be applied for both
across-replication and across-subject averaging. Typically, across-
replication averaging is conducted first, to minimize adaptation or

habituation effects. This results in a new set of average data, one for each
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subject. This is then reprocessed by ENSMBL to generate an across-subject
average, describing the population response for that experimental loading
condition. Similar processing would be conducted for other tested

experimental conditions.

4.1.4 MODLER: Model-Based Identification

MODLER supports the fitting of analytic transfer functions to the
ensemble-average transfer function data generated by ENSMBL. It reads the
transfer function data, accepts a user-specified transfer function, and
computes a goodness-of-fit metric as a function of chosen transfer function
parameter. It may be used directly by the analyst, in a manual search for

optimum model parameter values, or in conjunction with a numeric search

scheme, to support an automatic search for parameter values.
MODLER assures a model transfer function of the following form:

2 2
ﬂ(s+azi)n(s +2$ziwzis+wzi)

H(s,p) = (K/s") e b (4.12)

2 2
n(s+api)n(s +2$piwpi5+wbi)

where N specifies the order of integration, T _ sets the time delay, {azi} and

D

{Szi’wzi} set the first- and second-order zeros, and {api} and {Spi’wpi) set
the first- and second-order poles. Also explicitly specified are the number
of first- and second-order zeroes and poles. Although this is a fixed-form
transfer function, a wide range of frequency response characteristics can be
closely matched.
Once a model form and parameter set is specified, and the desired data
file is read in, MODLER computes a model-matching error function, of the form:
2 2
N 9~ g(wi) N ¢i' ¢(wi)
J = z - 2 _—
o . o,.
g1 o1

i=1
which, for convenient reference, we have repeated from (3.13) earlier. 1In

(4.13)
i=1

this error function (gi, agi) is the ith gain data mean and SD couple,
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(¢i,a i) is the ith phase data mean and SD couple, and g(w.l) and ¢(wi) are the

¢
corresponding gain and phase predicted at the ith measurement frequency, .,

i
on the basis of the model (4.12). As described earlier, this form of the
matching function provides for component error weighting in direct proportion
to data reliability.

Currently, MODLER is used in a manual search mode, where the user
specifies the model form and parameter set to minimize the matching cost of
(4.13). Direct linkage with a numerical search scheme can provide for
automatic parameter optimization, for a given model form. A discrete search
over forms of the family specified by (4.12) would support an automatic search
for the best-fit model and parameter set, over the full family of models.

Once a solution is found, MODLER then generates the model gain and phase

curves against frequency, for later plotting and direct comparison with the

trends in the input data set.

4.2 Experiment Design

We outline here the experiment design, in terms of the proposed

stimulus/recording parameters for the initial ssVER series.

4.2.1 Time Base Parameters

Based on our earlier review of the literature given in chapter 2, we
assume that our maximum frequency of interest will be about 25 Hz. If we
sample at twice the minimum Nyquist rate of 50 Hz, we have:

f 100 Hz (4.14a)

S

and

H
]

1/fs = 10 msec (4.14b)
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The VERRUN software constrains us to a maximum data string length of 212, or

4096, points. We choose the maximum and thus obtain an SOS period and
frequency resolution of:
T =2 + T = 40.96s
o) s

£
o

1/TO = 0.0244 Hz (4.15)
Thus, using VERRUN, we simply set the sample period Ts to 10 msec, and set the

run time TR to a value slightly greater than To' say, 50 sec.

4.2.2 Frequency Distribution

A sufficiently large rumber of SOS frequencies should be chosen, so as to
reduce potential phase ambiguities (#N*360°) with increasing frequencies.
From the response illustrated earlier in figure 3.2, we see roughly an 1800
deg phase change over 50 Hz, or 180 deg every 5 Hz. To stay within half a
cycle of the true phase, it would thus appear that we should measure the
response every 5 Hz. Note that we are proposing a uniform arithmetic series
of frequencies, of the form

fj+l = fj + Af (4.16)

series, of the form

_ (K
fj+l = fj (K>1) (4.17)

as is usually used in human operator work.

4.2.3 Harmonic Characteristics

Consideration should be given to the set of harmonics used to specify the
desired SOS frequencies. In our problem, this means the choice of the integer
harmonic hj' which, for the jth frequency, best approximates fj according to

f.~ h.f (4.18)

J Jo
It can simply be chosen as the integer nearest (fj/fo), and if no significant

_62_



non-linearities are expected in the response, this choice would appear
entirely reasonable. If we anticipate non-linearities, however, then it would
be better to choose hj as the prime integer nearest (fj/qo). This ensures
that measured response at any given input frequency will not be confounded by
the (non-linear) response associated with multiples or sub-multiples of any of

the other input frequencies.

4.2.4 SOS Stimulus Frequencies

Tﬁe above considerations have led to the generation of table 4.3, showing
the proposed SOS stimulus frequencies. A 10 component signal is proposed,
with frequencies ranging from 5 to 27.5 Hz, in 2.5 Hz increments (f?es). Non-

prime harmonics are shown in column 3, and the two integer prime harmonics

(lo, hi), which bracket this non-prime harmonic, are given in column 4. The
closest bracketing prime harmonic (hj) is then given in column 5. The
resulting SOS frequency fj is given in column 6. VERRUN currently does not
force selection of prime harmonics. To ensure that the prime harmonics hj are
generated by the program, we should specify the frequencies (fé), as indicated
in the last column. Note only components 2, and 6 thru 9 differ from the

resulting frequencies fj’ of column 6.

Table 4.3: Proposed SOS Stimulus Frequencies

des des . '
3j fj fj /fo (lo, hi) hj fj fj
1 5 204.8 (199,211) 199 4.86 4.86
2 7.5 307.2 307 307 7.49 7.50
3 10 409.6 (409,419) 409 9.98 9.98
4 12.5 512 (509,521) 509 12.42 12.42
5 15 614.4 (613,617) 613 14.96 14.96
6 17.5 716.8 (709,719) 719 17.54 17.55
7 20 819.2 (811, 821) 821 20.03 20.04
8 22.5 921.6 (919, 929) 919 22.42 22.43
9 25 1024 (1021,1031) 1021 24.91 24.92
10 27.5 1126.4 (1123,1129) 1129 27.55 27.55
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4.2.5 S0S Stimulus Amplitudes

For this preliminary SOS stimulus design, it is proposed that the signal
amplitudes a; not vary with frequency, but simply all take on a constant
value. The value can be chosen on the basis of the desired RMS intensity
level eventually chosen for the experimental effort.

We want to specify the amplitudes in terms of percent modulation depth.
To do this we need to know the ambient light level Io’ and the drive gain K
relating D/C volts (v) to light-box ft-lamberts (fL), in accordance with

I = Kv + Io (4.19)

On the basis of earlier system measurements made at the LaRC facility, we
assume a v D/A command of +5v yields an I of 87.5 fL, while a v ., D/A

max max min
command of -5v yields an Imin of 12.5 tL, so that, from above:

K= (I .~ mln)/( wax Vmin) = 7-5 fL/v (4.20a)
and

I, = [(Imax+1min)—x( max Vmi n)]/2 = 50 fL (4.20b)
We can now specify the jth SOS amplitude aj, given in volts, in terms of a
modulation depth mj, according to:

a. =mI/K-mI /K (4.21)

] Jo

where we assume all the mj, and hence the aj, are equal. The RMS voltage

coming out of the D/C is then given by:

- 2 1/2
Vewms = [1/2 ] a
= (N/2) 1/2 (mIo/K) (4.22a)
so that
_ 1/2
= (2/N) (K/Io)vRMs (4.22b)

To specify VRMS' we require that the D/A voltage hit the 5v limits less than
1% of the time (P<0.01). Assuming the SOS signal amplitude is approximately
normally distributed, we use the standard tables to find a required z-value of

2,58, so that
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VRMS= Sv/2.58 = 1.94v

With N 10, we then use (4.22b) to find m:

(2/100Y2%(7.5/50) (1.94) = 0.13 = 13%

m
so that, from (2),

aj = (0.13) (50/7.5) = 0.8667v
which, via (4.19), corresponds to a 6.5 fL SOS amplitude about the ambient
level. To set the amplitudes using VERRUN, we simply set all the relative

amplitudes to 1, and cpecify an RMS level of 1.94v.

4.2.6 S0S Stimulus Phases

For this preliminary SOS stimulus design, and for subsequent designs, it
is proposed that the phases ¢i be chosen as uniform random variables, over the
unit circle. On-line re-randomization by VERRUN between each run will ensure
a different ("unlearnable") SOS time history for each presentation, while

maintaining a fixed stimulus spectrum.

4.3 Preliminary Experimental Results

We now briefly describe an experiment designed to evaluate the overall
experimental protocol, and test the utility of the VERSOS software package.

A pilot ssVER experiment was conducted at NASA LaRC, using the delivered
sSVER package ported onto the LaRC DEC MNC-11 computer system. This was
integrated with general purpose EEG recording amplifiers and signal
conditioners, and with a custom modulated fluorescent stimulus, and photodiode
feedback circuit.

The fluorescent stimulus was modeled after that used by Junker (1986).
It provided for continuous modulation of the stimulus level, and was driven by
the MNC D/A hardware, in turn driven by the sum-of-sines signal generated by

the VERRUN software. Overall average intensity was 50 fL, with a diffuse
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presentation via diffuser screens and a beam splitter (see below). Six
sinusoidal components (rather than the originally proposed ten) comprised the
50S signal, and each component amplitude was chosen to yield a 13% modulation
depth, or 6.5 fL per component. SOS phases were randomized between runs.

EEG signals were recorded from occipital leads, amplified, and filtered
via standard recording modules. They were then sampled by the MNC A/D
hardware, and stored by the VERRUN software. Also recorded was the stimulus
light level, as recorded by a monitor photodiode.

Subjects were given three tasks presented on a computer generated
display, which was viewed through a half-silvered splitter window, to allow
for the superposition of the the SOS illumination on the display. The three
tasks were: a null task comprised of viewing a blank display (baseline); a
task testing visual perceptual processing, called the Probability Monitoring
Task (PMT); and a task testing encoding of working memory, called the
Continuous Recall Task (CRT). Both the PMT and the CRT are part of a larger
set designed to assess human performance, called the Criterion Task Set (CTS).
These are described in detail in Shingledecker (1984).

Two undergraduate male subjects with normal vision were run through the
pilot experiment. After adapting to a steady ambient light level of the
average stimulus level of 50 fL, the subjects were presented a task of
approximately three minutes duration. During the course of the task, two 50-
sec sSVER recordings were made. Several replication three-minute runs were
made in this fashion, to support ensemble averaging later on.

The VERRUN package controlled the run-time ssVER stimulus generation,
response recording, and data file generation. Following the experimental
runs, the VERNAL package was used to generate corresponding single-run
performance score and frequency-domain files. These files were then grouped

according to task loading conditions imposed, and the ENSMBL package was used
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to compute single-subject across-replication ensemble files, comprised of the
average RMS level and frequency-domain metrics. This overall sequence of data
generation and analysis using the VERRUN, VERNAL, and ENSMBL packages was
performed by the LaRC staff, at the experimental facility.

Figures 4.5 through 4.7 present some of the results of this processing,
showing single-subject across-replication ensemble-average transfer functions
measured under the baseline task loading condition (figure 4.5), the PMT
condition (figure 4.6), and CRT condition (figure 4.7). The transfer
functions are specified by the gain and phase measurements obtained at the
input SOS frequencies; at each frequency, the measurement mean is denoted by a
circle, and plus-or-minus one standard deviation is denoted by an error bar.
Superimposed on the data are continuous curves depicting simple model matches

to the data, which we describe shortly.
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Comparison of the figures shows that the gain/phase trends of all three
task loading conditions are similar. The gain means are all relatively flat
with frequency and the phase means all follow a fairly consistent linear trend
with frequency. The major differences are to be found in the across-
replication variances. Here, one can rharacterize the baseline task (figure
4.5) as one with large low-frequency gain variance, the CRT task (figure 4.7)
as one with large high-frequency gain variance, and the PMT task (figure 4.6)

as one with large overall gain variance, and large high-frequency phase

variance.
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The model parameters generated by this procedure are given in table 4.4,

along with the corresponding number of replications N, and the root mean
matching error (=/J/N), to provide some indication as to relative goodness-of-

fit.

Table 4.4: Gain/Delay Model Parameters for Three Task Loading Conditions
(Single Subject)

Gain K Delay TD Replications Match Error
Task (_dB) (msec) N VI/N_
Baseline -18.4 65 4 2.8
PMT -15.1 70 6 2.0
CRT -15.9 70 5 1.0

Two general trends are evident. First, the gain in the baseline case is lower
than that found under the two loading conditions; this may be seen directly
from the differences in the gain trends of figures 4.5 through 4.7. Second,
the root mean match error is worst in the baseline case, improves with the PMT
task, and is best in the CRT task. Note also that no significant differences
in time delay are to be seen across conditions; this null result is reflected
in the similarity of the model phase curves of figures 4.5 through 4.7.

On the basis of this preliminary data set and analysis results, one may
conclude the following. First, there does appear to be gain enhancement over
baseline, when the subject is loaded by either of the two tasks (PMT or CRT).
A corresponding time delay difference: is not to be seen, however. Second,
there does not appear to be any significant difference between the two loading
tasks, in terms of mean measurement values. There are, however, apparent
differences in data variability with task and frequency. Finally, the data
trends, across the three conditions, can be quite well modeled with an

exceptionally simple analytic transfer function: a variable-gain delay. The
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use of more complex models would not appear to be warranted by the data, at
least over the frequency range studied.

It is clear that these conclusions would be strengthened if they held up
in the face of additional measurement frequencies, further modeling efforts,
and a wider range of loading tasks. Additional measurement frequencies would
serve to pin down both the low- and high-frequency response trends, and help
identify fundamental model order in the overall transfer function. Further
modeling efforts could then determine if the simple model of (4.22) is an
adequate description over the frequency range of interests, given the trends
and variability of the data, or whether a more complex model is required to
account for response trends with frequency, and across loading conditions.
Finally, a wider range of loading tasks would serve to identify candidate
tasks that may be more effective modifiers of ssVER characteristics. This
would support a wider-scope identification and classification of differential
efforts on the ssVER, to build a basis for ssVER-based differential task
loading analysis.

We should recognize that the conclusions presented here are very
tentative, based on the data from one subject. A similar gain/delay model
analysis of comparable data by Junker (1986), over a 7-subject pool, failed to
identify a significant and consistent across-subject pattern of gain/delay
trends with task loading, although loading tasks different from those reported
here were used in the Junker study. Clearly, a larger subject pool is called
for if we are to extend the current findings and attach statistical

significance to the results presented here.
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5. SUMMARY, CONCLUSIONS, AND RECOMMENDATIONS

5.1 Summary

The basic goal of the study reported here was to develop and validate
analytic and experimental techniques to identify features of the ssVER that
correlate with mental state, in particular, cognitive loading. Supporting
program objectives were the specification of the stimulus/response protocols
to be used in experimental validation studies, the specification of the
analysis techniques to be used for response modeling, their implementation in
a software package fully compatible with the sponsoring LaRC facility, and
their application to ssVER data generated in one or more controlled mental
loading experiments.

Our overall technical approach was a three-stage process: 1) a review of
the basic systems identification background relevant to the problem of
identifying the functional characteristics of the VER; 2) the development and
implementation of a software package for experiment control and data analysis;
and 3) the demonstration of the proposed identification and modeling
techniques, via controlled mental loading experiments.

To provide some background for the type of system identification
techniques required for a rational analysis of the VER, we reviewed basic
input/output functional modeling. The description was done in mathematical
terms to provide a basis for the interpretation of conventional (and
unconventional) VER analysis techniques, in a more formally defined functional
modeling context.

The review attempted to formalize the basic input/output structure of the
VER, with the proposal of a quasi-linear model structure for the response: a
response comprised of a "signal" portion which is linearly dependent on the

input, and a "noise" portion which is independent of the input. The
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implications for identification of the impulse response and the steady-state
response were then discussed, and related to the conventional tVER and ssVER
techniques already in use. The review then discussed the implications of
different ssVER identification stimuli, focusing on periodic impulsive
flashing and sinusoidal continuous modulation. The review concluded with a
discussion of quasi-linear modeling issues, which center on sum-of-sines
stimulation of the ssVER, and subsequent identification of model structure and
parametric dependence on imposed loading.

The second stage of our technical approach focused on the development and
implementation of a software package for experiment control, data analysis,
and model identification. The package consists of four main programs:

1) VERRUN: This provides for pre-run setup of the experimental
parameters, generation of the run-time sum—of-sines (SOS) stimulus,
recording of the resulting response, and calculation of simple post-
run statistics.

2) VERNAL: This supports time- and frequency-domain analysis of the
time histories recorded by VERRUN, and provides for camputation of
the EEG RMS signal levels, and ssVER transfer function and remnant
spectra.

3) ENSMBL: This calculates ensemble average statistics across
individual subject runs, for the time- and frequency-domain analysis
data generated by VERNAL.

4) MODLER: This supports the fitting of specified analytic transfer
functions to the eiisemble average transfer function data generated by
ENSMBL, and supports the generation of an optimized model parameter
set.

These programs provide for a full capability from data generation to model
analysis, and can support, via direct expansion, an advanced modeling program
under future research efforts.

The third stage of our technical approach consisted of a demonstration of
the proposed identification and modeling techniques, via direct

experimentation and analysis. This effort began with a brief review of past

SSVER identification efforts, to uncover dominant frequency domain trends, and
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to specify the desired identification bandwidth. A pre-experimental design
effort then focused on a specification of appropriate time base parameters
(sample rates, run times, etc.), a specification of the required sum-of-sines
stimulus parameters (amplitudes, phases, etc.), and a calibration protocol to
determine stimulus intensity and response amplification levels.

The demonstration experiment was conducted at NASA LaRC, using the
delivered ssVER package and pre-experimental design parameters. Subjects were
given three tasks: a null task comprised of viewing a blank display
(baseline); a task testing visual perceptual processing; and a task testing
encoding of working memory.

The VERRUN package was used to control the run-time ssVER stimulus
generation, response recording, and data file generation. Following the
experimental runs, the VERNAL package was used to generate corresponding
single~-run RMS level and frequency-domain files. These files were then
grouped according to task loading conditions imposed, and the ENSMBL package
was used to compute single-subject across-replication ensemble files,
comprised of the average RMS level and frequency-domain metrics. The MODLER
program was then used to fit very simple transfer function models to the

observed data, to demonstrate the method's descriptive simplicity.

5.2 Conclusions

The primary result of this study has been the development and
demonstration of systems analysis techniques for modeling the ssVER and
relating it to cognitive loading. The major study conclusions supporting this
development and demonstration effort can be su